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Abstract

In thispaperwepresentaframework for recognizingAmericanSignLanguage
(ASL). Themainchallengesin developingscalablerecognitionsystemsareto de-
vise the basicbuilding blocks from which to build up the signs,and to handle
simultaneousevents,suchassignswhereboththehandmovesandthehandshape
changes.The latter challengeis particularlythorny, becausea naive approachto
handlingthemcanquickly resultin a combinatorialexplosion.

We loosely follow the Movement-Holdmodel to devise a breakdown of the
signs into their constituentphonemes,which provide the fundamentalbuilding
blocks. We alsoshow how to integratethe handshapeinto this breakdown, and
discusswhathandshaperepresentationworksbest.To handlesimultaneousevents,
we split up the signsinto a numberof channelsthat are independentfrom one
another. Wevalidateour framework in experimentswith a22-signvocabulary and
up to threechannels.

1 Intr oduction

Sign languagesare the primary modeof communicationfor many deafpeople,just
asspeechis for hearingpeople. The rateof progressin the speechrecognition�eld
hasbeenimpressive in thepastdecade,with somesystemsnow becomingborderline
mainstream.At this moment,thepredominantway to interactwith a computeris still
the keyboardand mouse,but as speechrecognitionbecomesmore established,the
situationmaychange.

Sucha changewould posemajorchallengesto signlanguageusers,unlesswe can
alsoadvancethe�eld of signlanguagerecognition.Sadly, thecurrentstateof theart in
signlanguagerecognitionresearchis still laggingfar behindspeechrecognition.One
major reasonfor this disparity is that sign languagerecognitionis muchharderthan
speechrecognition.Thereasonwhy it is hardercanbeexpressedsuccinctlyin just two
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words: simultaneousevents. In speech,we can— on an abstractlevel — represent
everyword asa sequenceof sounds.In contrast,a majorelementof signlanguagesis
thatseveral thingshappenat thesametime. For instance,many signsusebothhands,
which move at the sametime. The questionis how to captureall the simultaneous
eventswithout having to considerevery imaginablecombinationof them. If we had
to considerevery combination,the computationalcomplexity of the task would be
prohibitive,aswe wouldquickly run into a combinatorialexplosion.

To complicatemattersfurther, sign languagesarehighly in�ected; that is, theap-
pearanceof a signcanchangeaccordingto thesubjectandtheobjectof thesentence.
In addition,thereareotherprocessesbesidein�ection thatcontributeto alargenumber
of differentappearances,suchaschangingthehandshapedependingon what typeof
objectis underconsideration[15]. Thebottomline is that therearetoo many appear-
ancesto model themall explicitly, so it is necessaryto castfor morebasicbuilding
blocks,from which we canbuild all theseappearances.Justlike in spokenlanguages,
phonemestake on theroleof thesebasicbuilding blocks.However, it is far from clear
how exactly to breakdown asigninto its constituentphonemes,for two reasons:First,
linguisticresearchinto thephonologyof signedlanguagesis still in its infancy, overall.
Second,it hasnot beenclearly establishedyet what the computationalrequirements
of recognitionsystemsare, so a breakdown of signsinto phonemesmust somehow
balancelinguisticandengineeringrequirements.

In this paperwe presenta hiddenMarkov model (HMM)-basedframework for
AmericanSignLanguage(ASL) recognitionthataddressesthesetwo challenges.We
looselyfollow theMovement-Holdphonologicalmodel[8] to devisea representation
of signssuitablefor a recognitionsystem. In contrastto earlierwork basedon this
model[17, 18] wenow integratethehandshape,aswell. We thenextendthis represen-
tationto multiplechannels,whichcapturethesimultaneouseventsin ASL, onein each
channel.Thekey ideato makingthisapproachwork is thatweassumethatthechannels
areindependentfrom oneanother. As a consequence,we canrecognizethechannels
independentlyfrom oneanother, andput togethercombinationsof simultaneousevents
on the�y , whichgreatlyreducesthecomputationalcomplexity of therecognitiontask.
Althoughthisassumptionis unlikely to holdfrom atheoreticalstandpoint,thepractical
experimentalresultsjustify it asa reasonableengineeringtradeoff.

The rest of this paperis organizedas follows: We brie�y discussrelatedwork,
and thencontinuewith the mainstayof this paper: how to modelASL in a manner
thatmakesit computationallytractablefor recognitionsystems,includinghow to rep-
resentthehandshape.Afterward,we brie�y discussHMMs andhow they �t into the
recognitionframework,andconcludewith experimentsthatvalidateourassumptions.

2 RelatedWork

Thisdiscussionof relatedwork focusesonpreviouswork in signlanguagerecognition.
For coverageof gesturerecognition,thesurvey in [9] is anexcellentstartingpoint.

C. Wang,W. Gao,andJ. Ma describeda large-scaleHMM-basedisolatedrecog-
nition systemfor ChineseSign Languagewith a very impressive vocabulary sizeof
morethan5000signs[19]. They usedsometricks from speechrecognition,suchas
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clusteringGaussianprobabilities,andfastmatching,to achieve real-timerecognition
andrecognitionratesof 95%.

Mostwork oncontinuoussignlanguagerecognitionis basedonHMMs. T. Starner
andA. Pentlanduseda view-basedapproachto ASL recognitionwith a singlecamera
to extracttwo-dimensionalfeaturesasinput to HMMs with a 40-wordvocabularyand
astronglyconstrainedsentencestructure[13]. G. Fangandcolleaguesproposedanap-
proachto signer-independentcontinuousrecognitionof ChineseSignLanguagebased
on anintegrationof simplerecurrentnetworks(SRNs)andHMMs [5]. They usedthe
SRNsto segmentthecontinuoussentencesinto individualsigns.Therecognitionrates
were92%overa testdatasetof 100sentenceswith a208-signvocabulary.

H. HienzandcolleaguesusedHMMs to recognizea corpusof GermanSignLan-
guage[6]. They alsoexperimentedwith stochasticbigramlanguagemodelsto improve
recognitionperformance.Theresultsof usingstochasticgrammarslargelyagreedwith
the resultsin [16]. B. Bauerand K.-F. Kraiss from the samegroup later extended
the framework to breakdown the signsinto smallerunits. Theseunits wereunlike
phonemes,however, becausethey weredeterminedcomputationallyvia clustering,in-
steadof beingdeterminedlinguistically. For thisbreakdown they achievedanaccuracy
of 92.5%in isolatedsignlanguagerecognitionexperiments[2, 3].

R. H. Liang and M. OuhyoungusedHMMs for continuousrecognitionof Tai-
waneseSign Languagewith a vocabulary between71 and250 signs[7], which they
extractedfrom a Cyberglovein conjunctionwith a magnetic3D tracker. They worked
with Stokoe's system[14] to detectthe handshape,position,andorientationaspects
of therunningsigns.They integratedthehandshape,position,orientation,andmove-
mentaspectsthroughstochasticparsinganda dynamicprogrammingalgorithmat a
higherlevel thantheHMMs. Themainassumptionof theirwork is thatthesigncanbe
representedasa seriesof postures.

Theworkdescribedin thispaperis anextensionof theworkdonein [17, 18]. In this
earlierwork we proposedanapproachto breakingdown thesignsinto phonemes,and
devisedaframework for recognizingsimultaneousaspectsof ASL. However, thiswork
wasrestrictedto themovementsof thehandsandignoredhandshape.In this paperwe
validatethe framework further by integratingthe handshapeinto the framework, and
extendourphoneme-basedmodelingapproachto ASL to coverthehandshape,aswell.

3 Modeling ASL

A largepartof thedif�culty in devising anASL recognitionsystemis thequestionof
how to representthe language.To keepthe complexity of the recognitiontasksmall
and to ensurethat the systemis scalable,we needto keepthe numberof building
blocksthat constitutethe signssmall. Likewise,we needto ensurethat we cancap-
ture the simultaneousevents,which happenall the time in signedlanguages,suchas
two-handedsigns,andhandshapechangesduringhandmovements.Doing sowithout
gettingboggeddown in acombinatorialexplosionof sucheventsis nontrivial.

In the following we addresshow to breakdown signsinto their constituentpho-
nemes,with the idea that the numberof phonemesin a languageis small. Hence,
we canusethe phonemesasthe basicbuilding blocksfor a recognitionsystem.We
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(a)MOTHER (b) FATHER

Figure1: Contrastbetweensignsthatidenti�es locationasaphonemein ASL. (a)and
(b) differ only in location.

discussthis breakdown for boththehandmovements,andthehandshape.In addition,
wediscusshow to capturesimultaneouseventsin acomputationallytractablemanner.

3.1 Phoneme-BasedModeling

A phonemeis de�ned to be the smallestcontrastive unit in a language[15]; that is,
thesmallestunit thatcandistinguishmorphemes(unitsof meaning)from another. In
English,thesounds/k/, /æ/,and/t/ (andtheir equivalentsin regionaldialects)areex-
amplesof phonemes,ascaneasilybeseenby comparingthewords“cat” - “hat,” “bat”
- “bet,” and“bet” - “bed.” In ASL, theequivalentsof phonemesin spokenlanguages
arethevarioushandshapes,locations,orientationsandmovements.

Asanexample,considerthelocationof thehandatthechinin thesignfor MOTHER.
Theargumentsthat this unit is anexampleof anASL phonemeis analogousto thear-
gumentsfor English: Figure1 shows that the signsfor MOTHER - FATHER differ
only in location(front of thechinvs. front of theforehead).

Justlike in spokenlanguages,thenumberof phonemesin ASLis limited andsmall
comparedto the numberof signs. The exact numberis still a matterof debateand
dependsgreatlyon the phonologicalmodelused.Stokoe's system[14], for instance,
identi�es 55units,whereastheMovement-Holdmodelidenti�es morethan100[8].

In this work, we follow thebasicideasof theMovement-Holdmodel[8]. It is an
exampleof asegmentalmodel,in whicheachsignis brokendown into a seriesof seg-
ments.Thetwo majorsegmentsin this modelaremovementsandholds. Movements
arede�ned as thosesegmentsduring which someaspectof the sign's con�guration
changes,suchasa changein handshape,a handmovement,or a changein handori-
entation. Holds arede�ned asthosesegmentsduring which all aspectsof the sign's
con�gurationremainunchanged;thatis, thehandsremainstationaryfor a brief period
of time.

Signsaremadeup of sequencesof movementsandholds. For example,the sign
for MOTHER consistsof threemovementsfollowed by a hold (Figure2 on the next
page).Movementsegmentshavefeaturesthatdescribethetypeof movement(straight,
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faces left
points up
5-hand
chin
touches

faces left
points up
5-hand

near

H

faces left
points up
5-hand
chin
near

M
straight
back

straight
forward

MM
straight
back

chin

faces left
points up
5-hand
chin
touches

Figure 2: Schematicdescriptionof the sign for MOTHER in the Movement-Hold
model.SeeFigure1 to seehow thesignis articulated.

Figure3: The sign for INFORMATION demonstrateshow several featuresin ASL
changesimultaneously. Both handsmove,startingat differentbodylocations.Simul-
taneously, thehandshapeschangefrom a�at, closedhandto acuppedopenhandduring
thesign.

round,sharplyangled),aswell asthe planeandintensityof movement. In addition,
attachedto eachsegmentis a bundle of articulatory featuresthatdescribethehand
con�guration,orientation,andlocation.Furtherdetailson this modelandhow to map
it to HMMs for signlanguagerecognitioncanbefoundin [17, 18].

Thereareothersegmentalmodels,suchasD. Brentari's syllable-basedmodel[4],
andfurtherwork basedon theMovement-Holdmodel[10]. Thesemodelsdiffer pri-
marily in whatexactlyconstitutesasegment,but all shareacommonsetof assumptions
aboutthesegmentalstructureof signs.WhethertheMovement-Holdmodelis truly the
bestchoiceamongthesegmentalmodelsfor ASL recognitionsystemsis anopenques-
tion thatshouldberesolvedin futureresearch.

3.2 IndependentChannels

Therepresentationof thesign in Figure2 hasa seriousproblemthatmakesit inade-
quatefor adirectapplicationto recognitionsystems.It occurswhenwewantto model
andrecognizethesimultaneousaspectsof ASL. In particular, thehandshapeandhand
orientationcanchangewhile thehandmoves.In addition,somesignsaretwo-handed,
so both handsmustbe modeled. Figure3 shows an exampleof a two-handedsign,
duringwhichalsomultiple aspectsof thesignchangeat thesametime.
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The problemis the sheernumberof possiblecombinationsof simultaneousfea-
tures. Unlike speech,wherephonemesoccur only in sequence,in ASL phonemes
occurbothin sequenceandin parallel.

To getanideaof themagnitudeof theproblemthatrecognitionsystemsfacehere,
it is illuminating to considerthe completelynaïve approach�rst: what aboutsimply
tossingall possiblecombinationsof featurestogether, withoutregardfor linguisticcon-
straintsandinterdependenciesbetweenfeatures?Thenthe recognitionsystemwould
have to look at all possiblecombinationsof handshapes,handorientations,wrist ori-
entations,andlocationsandmovementtypesof the left andright hands,respectively.
Thisapproachleadsto acombinatorialexplosion,ascaneasilybeseenby multiplying
all the numbersof possiblerespective featurestogether. If, for example,we assume
thatthereare40distincthandshapes,8 distincthandorientations,8 wrist orientations,
and20 major body locations,thenthe numberof possiblefeaturecombinations,for
boththeleft handandtheright hand,wouldbe �����	��
���
	��
������ , which is morethan
onebillion.

Thecombinatorialexplosionstemmingfrom thenaïveapproachhighlight theenor-
mouscomplexity of modelingthe simultaneousaspectsof ASL. Modeling all these
combinationsa priori is infeasiblebothfrom a modelinganda computationalpoint of
view. Fromthemodelingpoint of view, it would beimpossibleto collectenoughdata
for all thesecombinationsin areasonabletimeframe.Fromthecomputationalpointof
view, attemptingto identify thecorrectmodelsandto matchthemagainstthesequence
of signsto berecognizedwould take far too long to beof practicaluse.

Of course,it would be ludicrousto assumethat ASL really exhibits that many
combinations,as is evident from the many linguistic constraints,suchashandshape
constraints[1], anddependenciesbetweenhandshape,handorientation,andlocation
(e.g.,signsthat toucha part of the signer's body with the thumbor a speci�c �nger
have only a few orientationsthat are even physically possible). Unfortunately, the
currentstateof theart in sign languagelinguisticsandrecognitionmakesattemptsat
enumeratingall thevalid combinationsinfeasible.

To make modelingthe simultaneousaspectsof ASL tractable,it is necessaryto
decouplethe simultaneouseventsfrom oneanother. Insteadof attachingbundlesof
articulatoryfeaturesto thesegments,we breakup the featuresinto channelsthatcan
be viewed as being independent from one another. For the purposesof the work
presentedin this paper, thesechannelsare,onefor eachhand:

movementchannel thechannelconsistingof thebody locationsandthemovements
betweenthebodylocations

handshapechannel thechannelconsistingof thehandshape

Notethatfuturework on ASL recognitionwould alsohave to tacklethehandorienta-
tion andfacialexpressions,possiblyin additionalchannels.Thesetopics,however, are
beyondthescopeof thispaper.

Figure4 on the following pageshows how thesignfor INFORMATION is repre-
sentedwith theindependentchannelmodelingapproach.Notehow eachchannelstill
containsmovementsandholds,with thesameunderlyingideaasbefore: in a move-
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Figure4: The sign for INFORMATION, wherethedifferentfeaturesaremodeledin
separatechannels.Notehow severalchannelschangesimultaneously. SeeFigure3 on
page5 for a pictureof this sign.

mentsegmentthereis atransitionfrom onecon�gurationto anotheronein thechannel,
whereasin ahold segmentthecon�gurationremainsstatic.

Splitting the featurebundlesup into independentchannelsimmediatelyyields a
major reductionin the complexity of the modelingtask. It is no longernecessaryto
considerall possiblecombinationsof phonemes,andhow they caninteract. Instead,
it is enoughto modelthephonemesin a singlechannelat a time, andjust to look at
thephonologicalandphoneticphenomenain eachchannelseparately. In eachchannel,
thephonemescanberepresentedby only a small numberof differentHMMs, which
all belongto the sameaspectof the sign's con�guration, suchas the handshape,or
handmovement.Combinationsof phonemesfrom differentchannelsareeasyto put
togetheron the �y at recognitiontime, particularly in conjunctionwith the parallel
hiddenMarkov modelrecognitionframework thatwebrie�y describein Section4.

The downsideof using independentchannelsis that they entail makinga major
assumptionaboutthestructureof thesimultaneousprocessesin ASL, whichin all like-
lihoodis notvalid. In essence,theseindependentchannelsareacaseof anengineering
tradeoff, soasto make therecognitionproblemtractable,versustheoreticallycorrect
modelingof ASL. Yet,theexperimentsin Section5.2show thatmodelingASL in terms
of independentchannelsyieldstangiblebene�ts to signlanguagerecognizers.

We now brie�y discusshow to modelthehandshapein this framework.

3.3 HandshapeModeling

Most approachesin thepastusedjoint andabductionanglesasfeaturesfor thehand,
whenever thesehad beenavailable, suchas [7]. Theseare very low-level features,
however. Theexperimentalresultsshown in Section5.1 indicatethatthesearenot the
bestchoicefor recognizingthehandshape.

Therefore,it makessenseto usea morehigh-level descriptionof the handshape.
For sign languages,in line with Sandler's phonologicalmodelof thehandshape[12],
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Figure5: Measureof theopennessof a �nger. It dependson thewidth andheightof
thequadrilateraldescribedby thesiteson thethree�nger jointsandthe�ngertip.

a representationof the degreeof opennessof a �nger seemsparticularlyuseful. For
obtaining such a representation,considerthe relationshipamongthe �ngertip, the
metacarpophalangealjoint (MPJ, the �nger joint closestto the palm),andthedegree
of openness.If a �nger is fully extended— thatis, fully open—, thedistancebetween
the �ngertip andthe MPJ is maximized. Likewise, if the �nger is fully bent— that
is, fully closed—, thedistancebetweenthesetwo pointsis minimized.For obtaining
yet anothermeasureof the openness,considerconnectingthe �ngertip andthe three
�nger joint anglesinto a quadrilateral,asshown in Figure5, wherethebaseis theline
betweenthe �ngertip andthe MPJ. The heightof the quadrilateral,expressedas the
distancebetweentheproximal interphalangealjoint (PIJ,thejoint closestto theMPJ)
andthebaseline, is maximizedwhenthe�nger is fully closed.Likewise,theheightis
minimizedwhenthe�nger is fully open.

Therefore,thesetwo measures— thewidth andtheheightof thequadrilateralde-
scribedby a �nger — areadirectexpressionof a �nger' sopenness.NotethattheMPJ
angleonly rotatesthis quadrilateral,but doesnot affect its dimensions.Thus,whether
a �nger is openor closedis largely independentof the MPJ angle. Hence,the MPJ
angleshouldbepartof thefeaturevectorin additionto thewidth andheightmeasure-
ments.Togetherwith theabductionangles(theanglesmeasuringthespreadbetween
adjacent�ngers), thesefeaturesall togetherconstitutea somewhathigher-level repre-
sentationof thehandthantheraw joint angles.Theexperimentsin Section5.1 justify
this representation.

4 Hidden Mark ov Models

Oneof themainchallengesin ASL recognitionis tocapturethevariationsin thesigning
of evenasinglehuman.In general,humansneverperformexactly thesamemovement
twice,evenif they intendto. Therearealwaysslight variationsfrom onemovementto
thenext one,soa recognitionframework mustbeableto accountfor them.Themost
commonapproachtoward handlingsuchvariationsis to usesomekind of statistical
model.HiddenMarkov models(HMMs) area typeof statisticalmodelwell suitedfor
capturingvariations.In addition,theirstate-basednatureenablesthemto describehow
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asignalchangesover time,which is idealfor activity recognition.
HMMs have beenusedextensively in gestureand sign languagerecognitionin

thepast,bothfor whole-signmodeling(oneHMM persign[13]) andphoneme-based
modeling(oneHMM perphoneme[17]). ThephonemeHMMs arechainedtogetherto
form a singleHMM for a sign,andthese,in turn,arechainedtogetherinto a network.
Therecognitionalgorithm�nds themostprobablepaththroughthenetwork andrecov-
ersthesignsthatthepathpassesthrough.Theparametersof theHMMs areestimated
ona trainingdataset,asdescribedin [11].

To handleindependentchannels,we useparallelHMMs (PaHMMs) asan exten-
sionto conventionalHMMs. Insteadof usingonly onesinglenetwork, PaHMMs use
a network of HMMs per channel. The recognitionalgorithm searchesall networks
in parallelandcombinesthe pathprobabilitiesfrom eachpathby multiplying them.
This multiplication is possible,becausein Section3.2 we assumethat the channels
are independentfrom oneanother, andhencethe HMM networks arestochastically
independentfrom oneanother.

Thedetailsof mappingphonemesto HMMs aredescribedin [17], andtherecogni-
tion algorithmfor PaHMMswith multiple channelsis coveredextensively in [18]. We
now describetherecognitionexperimentsthatvalidateourapproach.

5 Experiments

We rantwo typesof experiments.The�rst onewasdesignedto validateour choiceof
handshapefeatures,andthesecondonewasdesignedto validatethemodelingof the
independentchannels.

The datasetconsistedof 499 sentences,between2 and7 signslong, anda total
of 1604signsfrom a 22-signvocabulary, the detailsof which canbe found in [17].
We collectedthesedatawith an AscensionTechnologiesMotionStarTM systemat 60
framesper second.In addition,we collecteddatafrom the right handwith a Virtual
TechnologiesCybergloveTM, which recordswrist yaw, pitch,andthe joint andabduc-
tion anglesof the �ngers, alsoat 60 framespersecond.We split thedatasetinto 400
trainingsentencesand99 testsentences.No part of the testingdatasetwasusedfor
trainingtheHMMs atany time,andconverselynopartof thetrainingdatasetwasused
for therecognitionexperiments.

We now discussandgive theresultsfor thetwo typesof experiments.

5.1 HandshapeExperiments

To determinetherelativemeritsof usingjoint anglesandmeasuresof �nger openness,
we ran continuousrecognitionexperimentson only the handshapechannel. These
experimentsweredesignedto comparetherobustnessof usingraw joint anglesversus
therobustnessof thequadrilateral-basedrepresentationfrom Section3.3.

For eachfeaturevector, theexperimentsvariedthenumberof HMM statesandpa-
rameters.Becausemany signssharethesamehandshape,it is impossibleto identify a
signuniquelyfrom thehandshapealone.For this reason,theevaluationcriterionwas
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FeatureVector � � Median Best N
joint angles 83.15% 15.44% 82.66% 98.68% 1912
quadrilateral 95.21% 5.37% 96.83% 99.47% 1956

Table1: Resultsof continuoushandshapefeaturevectorcomparisons.� , � , Median,
Best,andN correspondto the averagehandshapeaccuracy, standarddeviation, best
case,andnumberof experiments,respectively.

thepercentageof correctlyrecognizedhandshapes,ratherthanthepercentageof cor-
rectly recognizedsigns. In addition,whenever thesamehandshapeoccurredmultiple
timesin a row, we contractedtheseoccurrencesinto a singlehandshape.Theresults,
givenin Table1, show clearlythatthequadrilateral-baseddescriptionof thehandshape
is farmorerobustthantheraw joint angles.

5.2 Recognitionof IndependentChannels

We ran four experimentson the 22-signset to evaluatethe recognitionaccuracy of
modelingvaryingnumbersof channels.The�rst experimentwasabaselineexperiment
with conventionalHMMs for just the right hand's movementchannel,from earlier
work [17]. ThesecondexperimentusedPaHMMs to capturethemovementchannels
of both hands. The third experimentusedPaHMMs to capturethe movementand
handshapechannelsof theright hand.ThefourthexperimentusedPaHMMsto capture
all threechannels.

Theresultsaregivenin Table2 onthenext page.Of particularnoteis thatusingall
threechannelsshows no improvementover just usingthemovementsandhandshape
from theright hand.We think thatthereasonis therelatively smallsizeof thedataset
thatweused.Clearly, futurework needsto validateourapproachwith muchlargerdata
sets.Yet,overall theresultsarepromisingandvalidatetheassumptionthatin practice
channelscanbemodeledindependentlyfrom oneanother.

6 Conclusionsand Outlook

We have developeda framework for ASL recognitionthat is basedon breakingdown
the signsinto their constituentphonemes,and on modelingsimultaneouseventsin
stochasticallyindependentchannels.In addition,wehaveintegratedthehandshapeinto
theframework, in anextensionoverpreviouswork. Wehavevalidatedourapproachin
experimentswith up to threechannelswith a22-signvocabulary.

Thenext stepis to validatetheframework with largerdatasets.It is imperativethat
the datasetcomesfrom native signersin the future, becausetheir articulationof the
signsshows characteristicsthatnonnative signerssimply do not exhibit. In addition,
futurework needsto integratefacialexpressionsinto theframework, andmodelsome
of the grammaticalprocessesin sign languages,suchas the useof spaceto denote
referents.
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Typeof experiment
Sentence
accuracy

Word
accuracy Details

baseline:
movementchannel
right hand,HMM

80.81% 93.27% H=294, D=3, S=15,
I=3, N=312

movementchannel
bothhands,PaHMM

84.85% 94.55% H=297, D=3, S=12,
I=2, N=312

movementchannel
right hand,hand-
shaperight hand,
PaHMM

88.89% 96.15% H=302,D=2, S=8,I=2,
N=312

all threechannels,
PaHMM

87.88% 95.51% H=301, D=1, S=10,
I=3, N=312

Table2: Comparisonof conventionalHMMs andPaHMMs. TheconventionalHMMs
modeledthestronghand'smovementchannel,whereasthePaHMMs modeleda com-
binationof multiple channels.H denotesthe numberof correctsigns,D thenumber
of deletionerrors,S thenumberof substitutionerrors,I thenumberof insertionerrors,
andN thetotal numberof signsin thetestset.

Acknowledgments

This work wassupportedin partby NSFEIA-98-09209,AFOSRF49620-98-1-0434,
andNSBRI-NBPF00202.

References

[1] R. Battison. Lexical borrowing in AmericanSignLanguage, pages19–58. Lin-
stokPress,Silver Spring,MD, 1978. Reprintedas"Analyzing Signs"in Lucas,
C. andValli, C. Linguisticsof AmericanSignLanguage,1995.

[2] B. BauerandK.-F. Kraiss. Towardsanautomaticsignlanguagerecognitionsys-
temusingsubunits. In I. WachsmuthandT. Sowa,editors,GestureandSignLan-
guagein Human-ComputerInteraction.InternationalGestureWorkshop, volume
2298of Lecture Notesin Arti�cial Intelligence, pages64–75.Springer, 2001.

[3] B. BauerandK.-F. Kraiss. Video-basedsign recognitionusingself-organizing
subunits. In InternationalConferenceonPatternRecognition, 2002.

[4] D. Brentari. Sign languagephonology: ASL. In J. A. Goldsmith,editor, The
Handbookof Phonological Theory, Blackwell Handbooksin Linguistics,pages
615–639.Blackwell,Oxford,1995.

11



[5] G. Fang,W. Gao,X. Chen,C. Wang,andJ.Ma. Signer-independentcontinuous
sign languagerecognitionbasedon SRN/HMM. In I. WachsmuthandT. Sowa,
editors,Gesture and Sign Language in Human-ComputerInteraction. Interna-
tional GestureWorkshop, volume2298of LectureNotesin Arti�cial Intelligence,
pages76–85.Springer, 2001.

[6] H. Hienz, K.-F. Kraiss, and B. Bauer. Continuoussign languagerecognition
usinghiddenMarkov models. In Y. Tang,editor, ICMI'99, pagesIV10–IV15,
HongKong,1999.

[7] R.-H. Liang andM. Ouhyoung.A real-timecontinuousgesturerecognitionsys-
temfor sign language.In Proceedingsof theThird InternationalConferenceon
AutomaticFaceandGestureRecognition, pages558–565,Nara,Japan,1998.

[8] S. K. Liddell andR. E. Johnson.AmericanSign Language:The phonological
base.SignLanguageStudies, 64:195–277,1989.

[9] V. Pavlovic, R. Sharma,andT. S.Huang. Visual interpretationof handgestures
for human-computerinteraction:A review. IEEETransactionsonPatternAnaly-
sisandMachineIntelligence, 19(7):677–695,1997.

[10] D. Perlmutter. Sonorityandsyllablestructurein AmericanSignLanguage.Lin-
guisticInquiry, 23(3):407–442,1992.

[11] L. R. Rabiner. A tutorial onHiddenMarkov Modelsandselectedapplicationsin
speechrecognition.Proceedingsof theIEEE, 77(2):257–286,1989.

[12] W. Sandler. RepresentingHandshapes.In W. H. Edmondsonand R. Wilbur,
editors,InternationalReviewof SignLinguistics, volume1, chapter5, pages115–
158.LawrenceErlbaumAssociates,Inc.,Mahwah,NJ,1996.

[13] T. Starner, J.Weaver, andA. Pentland.Real-timeAmericanSignLanguagerecog-
nition using deskand wearablecomputerbasedvideo. IEEE Transactionson
PatternAnalysisandMachineIntelligence, 20(12):1371–1375,1998.

[14] W. C. Stokoe. SignLanguage Structure: An Outline of theVisual Communica-
tion Systemof theAmericanDeaf. Studiesin Linguistics: OccasionalPapers8.
LinstokPress,SilverSpring,MD, 1960.Revised1978.

[15] C. Valli andC. Lucas.Linguisticsof AmericanSignLanguage: An Introduction.
GallaudetUniversityPress,WashingtonDC, 1995.

[16] C. VoglerandD. Metaxas.AdaptinghiddenMarkov modelsfor ASL recognition
by usingthree-dimensionalcomputervisionmethods.In Proceedingsof theIEEE
InternationalConferenceonSystems,Man andCybernetics, pages156–161,Or-
lando,FL, 1997.

[17] C. Vogler and D. Metaxas. Toward scalability in ASL recognition: Breaking
down signsinto phonemes.In A. Braffort, R.Gherbi,S.Gibet,J.Richardson,and
D. Teil, editors,Gesture-BasedCommunicationin Human-ComputerInteraction,

12



volume1739of LectureNotesin Arti�cial Intelligence, pages211–224.Springer,
1999.

[18] C. Vogler andD. Metaxas. A framework for recognizingthe simultaneousas-
pectsof AmericanSignLanguage.ComputerVision andImage Understanding,
(81):358–384,2001.

[19] C.Wang,W. Gao,andJ.Ma. A real-timelargevocabularyrecognitionsystemfor
ChineseSignLanguage.In I. WachsmuthandT. Sowa,editors,Lecture Notesin
Arti�cial Intelligence, volume2298,pages86–95.Springer, 2002.

13


