Towards a One-Way American Sign LanguageTranslator

R. Martin McGuire , JoseHernandez-Rebollay ThadStarner,
ValerieHenderson, HeleneBrashear, andDanielleS. Ross

GVU Center
GeogiaTech
Atlanta, GA 30332
haileris,thad,vlh,brashear
@cc.gatech.edu

Abstract

Inspired by the DefenseAdvancedReseath Projects
Agencys (DARRA) recentsuccesses speeb recajnition,
we introducea new taskfor signlanguage recaynition re-
seach: a mobile one-wayAmericanSignLanguage trans-
lator. We arguethat sudh a device shouldbe feasiblein the
nextfew years, mayprovideimmediatepracticalbene tsfor
the Deafcommunityandleadsto a sustainablgyrogram of
reseach compambleto early speeti recaynitionefforts. We
groundour efforts in a particular scenario,that of a Deaf
individual seekingan apartmentand discusghe systenre-
guirementsand our interfacefor this scenario.Finally, we
describeinitial recagnition resultsof 94% accuracy on a
141signvocahulary signedin phrasesof fours signsusing
aone-handedjlove-basedystenandhiddenMarkov mod-
els(HMMs).

1. Intr oduction

Twenty—eighmillion Deafandhard—of-hearinghdivid-
ualsform the largestdisabledgroupin the United States.
Everydaycommunicatiorwith thehearingpopulationposes
a major challengeto thosewith hearingloss. Most hear
ing peopledo not know signlanguageandknow very little
aboutdeafnessn general For example,mosthearingpeo-
ple do not know how to communicatén spolenlanguage
with a Deaf or hard—of—hearingersonwho canspeakand
readlips (e.g.thatthey shouldnot turn their heador cover
their mouths).Although mary Deaf peoplelead success-
ful and productie lives, overall, this communicationbar
rier can have detrimentaleffects on mary aspectof their
lives.Not only canperson—to—persocommunicatiorbar
riersimpedeeverydaylife (e.g.atthe bank,postof ce, or
grocerystore),but essentiainformationabouthealth,em-
ployment,andlegal matterss ofteninaccessible.
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Commoncurrentoptionsfor alternatve communication
modesincludecochlearimplants,writing, andinterpreters.
Cochlearimplantsarenot a viable optionfor all Deafpeo-
ple.In fact,only 5.3%of thedeafpopulationin Americahas
a cochlearimplant, andof those,10.1%o0f theseindividu-
alsnolongerusetheirimplant(complaintscitedaresimilar
to thoseof hearingaides)[2]. The ambiguityof handwrit-
ing andslowvnesof writing makesit averyfrustratingmode
of communication Corversationakates(both spoken and
signed)rangefrom betweenl75to 225WPM, while hand-
writing ratesrangefrom 15 to 25 WPM [5]. In addition,
Englishis oftenthe Deafpersons secondanguageAmeri-
canSignLanguaggASL) beingtheir rst. Althoughmary
Deafpeopleachiese a high level of pro ciency in English,
not all Deaf peoplecancommunicatevell throughwritten
language Since the averageDeaf adult readsat approxi-
matelya fourth gradelevel [1, 9], communicatiorthrough
written Englishcanbetoo slow andoftenis not preferred.

Interpretersare commonly usedwithin the Deaf com-
munity, but interpreterscan chage high hourly ratesand
be awkwardin situationswhereprivacy is of high concern,
suchasat a doctoror lawyer's of ce. Interpreterdor Deaf
peoplewith specializedsocalularies,suchasa PhDin Me-
chanicalEngineeringcanbe dif cult to nd andvery ex-
pensve. It canalsobedif cult to nd aninterpreterin un-
foreseeremegencieswheretimely communicationis ex-
tremelyimportant,suchascaraccidents.

2. The One-Way Translator

Our goalis to offer a signrecognitionsystemasanother
choiceof augmentingommunicatiorbetweerthe Deafand
hearingcommunitiesWe seekto implementamobile,self—
containedsystenthata Deafusercoulduseasalimited in-
terpreter This wearablesystemwould captureand recog-
nize the Deaf users signing. The usercould then cue the



systento generatespeecHor thehearinglistener However,
thisideais complicatedwith the problemof machinetrans-
lation of ASL to English.To helpconstrairthe problem we
assumehe signerwill useContactSign.

2.1. LanguageModeling

American Sign Language(ASL) grammaris signi -
cantly differentthan English grammay and mary hearing
studentsof ASL have dif culty with its complex features
if they learnit after early childhood. Thus, native sign-
ers (someonevho haslearnedfrom birth andis fully u-
ent)will oftenusecontactsigning,which usesmary of the
grammaticafeaturesof Englishandlessof ASL, whenen-
counteringhearingsignerg11]. By usingContactSign,we
reducethe compleity of thelanguagesetwe areseekingo
recognizewhile maintaininga languagesetthatis already
familiar to the Deafcommunityasatool for whencommu-
nicatingwith the hearing.

We chooseto further constrainthe problemby lever
aging the idea of “formulaic” language.Formulaic lan-
guageis languagethatis ritualized or prefabricatedlt in-
cludesroutines,idioms, set phrasesrhymes,prayersand
proverbs[16. The DARPA one—vay speechranslationsys-
temsusedby peace—kepingtroops,maritimelaw enforce-
ment,anddoctorsusesthis ideato askquestionsdesigned
for speci ¢ responsesThe systemprovidestranslationof
predeterminegbhraseglesignedo provide informationor
elicit feedbackInformative phrasesnclude sentencesike
“I amhereto helpyou” and“The doctorwill beheresoon”.
Requestand questionsnclude “Pleaseraiseyour handif
you understanane”, “Is arybodyhurt?” and“Are you car
ryingaweapon?’[12 Requestandquestionsrelimited to
thosewhoseanswersnvolve simplegesturessuchasnod-
ding yes/no,pointing, or raisinga numberof ngers (e.g.
“How mary childrendo you have?”).

Cox describesa system, TESSA, that combinesformu-
laic languagewith speechrecognitionandsemantigphrase
analysisto generatephrasesn British Sign Languagefor
Deafcustomerstthepostof ce [4]. A setof formulaiclan-
guagephrasesverecompiledfrom obseredinteractionsat
thepostof ce. Thesephrasesverethentranslatednto sign
and recordedon video. The postalemployee speaksto a
systemthatperformsspeectrecognitionandusessemantic
mappingto choosethe mostlikely phrase.The clerk may
say“Interestin the UK is tax free”, andthe systemwould
cuethephrase'All interestis freeof UK incometax” which
would thenreferencethe video of a signedtranslationfor
the Deafcustometo see.

The useof formulaiclanguageallows for a reductionin
vocahulary size and allows for bettererror handling. Cox
shaved a progressie decreasen error ratesfor the lan-
guageprocessarby allowing a userto selectfrom larger

N bestlists: 1-bestwas9.7%,3—-bestwas 3.8%and5-best
was 2.8% [4]. The applicationof the phraseselectionop-
tionsalsoresultedin a signi cant increasean usersatisac-
tion with the system.

Oneof thereasondor TESSAs succeswasits limited
domain.After consultingwith membersof the Deaf com-
munity, several scenariosvere suggestedvherethe one—
way ASL to English translatormay be bene cial: doc-
tor's/lavyer's of ce, emegeng situationssuchascar ac-
cidents,navigationin airports,and shoppingfor an apart-
ment.We chosethe last scenariodueto its interactve na-
tureandpotentiallylimited vocalulary.

The apartment-huntingcenarids similar to the speech
recognitioncommunitys Airline Travel Information Ser
vice (ATIS) scenarid7] whereuserswouldtry to solve spe-
ci ¢ airline travel problemsusingspeechaccesso a com-
puterizeddatabaseEarly versionsof ATIS were actually
“Wizard of Oz” studieswherea humanwould be substi-
tuted for the computerto respondto the users requests.
In this way the experimenterould elicit “natural” speech
from the subjectsto determinewhat vocahulary shouldbe
includedin thethe actualspeechrecognitionsystem.Thus,
with avocahlulary of afew thousandvordstunedto thespe-
ci ¢ scenariothe ATIS speechrecognitionsystemcould
give the userthe impressiorof a unlimited vocalulary. We
intendto performsimilar studieswith memberof the Deaf
communityto determinethe appropriatevocahulary for the
apartment-huntingask.

2.2. Interface

In orderto begin exploring the feasibility of a one-way
translator we areworking on both the interfaceaswell as
the recognitioncomponentsimultaneouslyA preliminary
interfaceis necessaryo performWizard of Oz studiesand
elicit naturalsign in the contect of the apartment-hunting
task.In addition, the preliminary interface generatesise-
ful feedbackirom the Deafcommunity

Figurel shavs anearly prototypeof the one-way trans-
lator. While the systemshawn is basedon computetrvision
only (notethe camerain the hat), the imagedemonstrates
thehead-updisplayusedto provide a visualinterfaceto the
userwhile he signs.An early nding from interactingwith
the Deaf communityis thatthe displayshouldbe mounted
on the non-dominant-handideof the signerto avoid colli-
sionduringsignsmadearoundtheface.

Figures2-5 demonstratatypical progressiorof thecur
rentinterfaceduring translation.Note that the interfaceis
beingdesignedor ahybrid computewrisionandaccelerom-
eter approachwhere the signerwearsa camerain a hat
aimedat his or her hands,asin Figure 1. Thus, a video
imagefrom the camerais includedin the interfaceso that
the signerknows whenthe systemis successfullytracking



Figure 1. Prototype one-way translator (vi-
sion system only shown). The head-up dis-
play provides a 640x480 color interface for
the signer.

his hands Figure2 shawns the initial screerfor thetransla-
tor. To startthe system the signerclicks a button mounted
on hiswrist. Suchaninterfacemaybeimplementedaspart
of a Bluetooth enabledwristwatch. At present.the inter
faceis emulatedwith the buttonsof a small optical mouse.
As the usersigns(Figure 3), the systemcollectsdataun-
til the userclicks thewrist button againto indicatethe end
of thephraseTheusercanalsoclick asecondwuttononthe
wrist to re-startthe processAfter clicking the stop sign-
ing button, the systemrecognizeghe signedphrasedeter
minesthe mostsimilar phrasesn Englishfrom its phrase
list, and allows the signerto selectbetweenthemusinga
wrist mountedjog-dial (Figure 4). Note thatthesephrases
could be displayedas a seriesof miniaturesign language
icons for signerscompletelyunfamiliar with written En-
glish. Oncethe signerselectsthe closestphrase the sys-
temspeakghe phraseshaving its progressn barasshowvn
in Figure 5. The signercaninterruptthe systemor repeat
theEnglishphraseasdesired.

While this interfaceis preliminary it hasbeenusedfor
asimpledemonstratiomecognizelcombiningcomputei-
sionandwrist-mountedaccelerometerdestingwith native
signerds necessaryo determindf thesystemis acceptable
to the communityandif it canbe usedto reachcorversa-
tional speedsHowever, initial reactionhasbeenpositive.

3. SignLanguageRecognition

In the past,we have demonstratei HMM basedsign
languageecognitionsystemimited to a forty word vocab-
ulary anda controlledlighting environment[13]. The user
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Figure 2. Initial screen for the translator . To
start the system, the signer clicks a button
mounted on the wrist.
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Figure 3. The system collects data as the
user signs a phrase.

wore a hat-mounted¢amerato capturetheir signing. Data
setsweretakenin a controlledlaboratoryenvironmentwith
standardighting and background.The imageswere then
processedn adesktopsystemandrecognizedn real-time.
Thesystemwastrainedon a40word vocahulary consisting
of samplesof verbs,nouns,adjecties,and pronounsand
reachedaccurag of 97.8%on anindependentestsetus-
ing arule—basedyrammar

However, this systemwas more appropriateto labora-
tory conditionsthan to a mobile ervironment. More re-
cently, we have shawvn thatcombiningaccelerometebased
sensingwith a computervision hand-trackingsystemmay
leadto betterresultsin the harshsituationstypical of mo-
bile sensind3]. Thesystemsarecomplementaryn thatthe
hat-basedsision systemtracksthe handsin a planeparal-
lel to the groundwhile the wrist-worn accelerometersct-
ing astilt sensorslueto theacceleratiomueto gravity, pro-



Figure 4. The signer selects among potential
phrase translations.

Figure 5. The translator speaks the selected
English phrase .

vide informationasto the angleof the handsin the vertical
plane.

The Accelgylove (see Figure 6) provides anotherap-
proachto mobile sign recognition.Accelerometer®n the
individual ngers, wrist, andupperarm provide orientation
andacceleratiorinformationwith respecto eachotherand
potentiometersat the elbonv andshoulderprovide informa-
tion asto the hands absolutepositionwith respectto the
body In previous work [8], the Accelegylove systemwas
shawvn to recognizel76 signsin isolation using decision
trees Mary signsaretaughtwith a beginninghandshapea
movementandanendinghandshapeWith theAcceleglove
systemthe usermakestheinitial handshapeandtherec-

ognizershavs which signscorrespondo thathandshape.

The systemeliminatessignsinteractvely asthe userpro-
ceedswith themovementandendhandshape.

In thispaperwecombinetheAcceleglovehardwarewith
the Geogia Tech GestureToolkit (GT2K) [15] to attempt

Figure 6. The Acceleglo ve. Five micro two-
axis acceler ometers mounted on rings read
ng er e xion. Two more in the back of the
palm measure orientation. Not shown are two
potentiometer s which measure bend at the
shoulder and elbow and another two-axis ac-
celerometer whic h measures the upper arm
angles.

phrase-lgel recognitionwith a 141 sign vocahulary. Our
goalis to prove the feasibility of a phraselevel ASL one-
way translatorusinga mobileapparatusA highword accu-
ragy in a continuoussignrecognitiontaskwith this system
would suggesthatamobile phrasdevel translatoris possi-
ble.

4. RecognitionExperiment

Acquiring datawith which to train our systembegan
with choosinga setof signsto recognize Sincethe Accele-
glove was alreadypart of an existing recognitionsystem,
a subsetof signswas chosenfrom the list of signsunder
stoodby the original system.Thesesignswerethenorga-
nizedinto partsof speechgroupsof noun,pronoun,adjec-
tive, andverb for a total of 141 signs.Using a fairly rigid
grammarof "noun/pronounverb adjectve noun”, a list of
665 sentencesvas generatedensuringthat eachsign ap-
pearedn thedataatleastl0times.

To capturethesigndata,the original Accelegloverecog-
nition programwasalteredto include userpromptsandto
log thedatafrom the glove'ssensorsThesignersatin front
of the capturingcomputerat a x ed distancewearingthe
glove on his right arm, and holding in his left a pair of
buttonsattachedo the glove, with both armson the arm-
restsof thechair Theprogramdisplayedthe sentencéo be
signed,andwhenthe signerwasready he would pressone
of the buttonsto begin capture At the endof the sentence,
the signerwould returnhis armsto the armrestsandpress
theotherbuttonto signify thatthe sentencénadendedThe
computemwould thensave the captureddatato a numbered
le, andincremento thenext sentencén thelist. This pro-



Grammar Testingontraining | Indep.testset
part—of—speech 98.05% 94.47%
unrestricted 94.19% 87.63%

Table 1. Sign accuracies based on a part—of—
speech and an unrestricted grammar.

cesswvasrepeatedor all 665sentencesyith acameralm-
ing the procesgo aid in theidentifying incorrectsigns.

Training of the HMM-basedrecognizemwas donewith
GT2K [15]. After Itering the datato accountfor irreg-
ular frame—ratedrom the glove, the datawas labeledus-
ing the sentencdist. To minimizetheimpactof thesigners
armsbeginningandendingatthechairarmreststhe“signs”
start—sentencand end—sentenceere addedto the recog-
nition list. A pair of grammarswas created.The rst fol-
lows the samepartsof speectbasediorm usedto generate
thesentencdist, surroundedy the start—sentencandend-
sentencesigns.The secondvasa more unrestrictedgram-
matr, looking only for the start—sentencsign, followed by
ary numberof ary of the signsin the vocatulary, followed
by the end—sentencsign. A setof trainingandtestingsets
were createdusing a randomly selected90% of the data
for training and the remaining10% for model validation.
Themodelwasthentrainedwith theautomatidrainer Sign
boundariesverere-estimatedver severaliterationsto en-
surebettertraining. After training, the modelsweretested
againstheremainingl0%of thesentencedkecognitiorac-
curag/ wasdeterminedwith the standargenaltiedor sub-
stitutions,insertionsanddeletions This procesf training
andtestingwasrepeate®1 times,yielding anoverallaccu-
ragy basedntheaverageof eachof the21sets.Themodels
createdwere eachtestedwith boththe strict andthe unre-
strictedgrammarsresultingin accurag ratingsof 94.47%
averagefor the strict grammarand87.63%averagefor the
unrestrictedAn additionalmodelwascreatedusingall of
the datafor training and all of the dataagainfor testing.
Accurag ratingsfor this testing—on—trainingnodel were
94.19%for the unrestrictedgrammay 98.05%for the strict
(seeTablel).

Accurag wasdeterminedollowing the standardspeech
recognitionformulaof

whereN is the numberof signs,D is the numberof dele-
tions, | is the numberof insertions,andsS is the numberof
substitutionsNote that only substitutionsare possiblewith
thestrict part—of—-speecrammar

5. Discussionand Futur e Work

Theresultsabore arevery promising.HMM recognition
systemgtendto scalelogarithmically with the size of the
vocahulary in both speedandaccurag. SinceASL hasap-
proximately6000commonlyusedsigns,the patternrecog-
nition framawork of this projectshouldbe scalableto the
largertask.In addition thereis asigni cant amountof work
in the spolen languagecommunity for applying context,
grammay and naturallanguageframevorks to HMM rec-
ognizers.Hopefully, this prior work will allow rapidadop-
tion of suchframework for ASL. Evenso, ASL is signi -
cantly differentfrom spolenlanguagen thatit allows spa-
tial memoryandspatialcomparisonsln addition,faceand
body gesturessommunicatea signi cant amountof infor-
mationin ASL. Thus,we expectthis eld to beachallenge
for mary yearsin thefuture.

Theresultssuggesthefeasibility of our goalof aphrase
level translator A phrasdevel translatorwith the interface
describedpreviously hassigni cant toleranceto individual
sign errors.The systemsimply needsto recognizeenough
of the signssothatthe closestphrases returnedin thetop
few choicesfor the userto select.Hopefully, the planned
Wizard of Oz studieswill shawv thata relatively low num-
berof phrasesndsignsarenecessaryo handlemostsitu-
ationsin the apartment-huntingcenarioHowever, assoon
asthis signandphrasedexicon is gatheredthe systemwill
be testedagainstthesephrasesas signedby multiple na-
tive signers.Theseexperimentswill help to furtherre ne
themodelsaswell asto produceaninitial automatiaecog-
nition systemthat canbe usedto testthe translatorin situ.
As the systemimproves,moresignerscanexperimentwith
the system,and a larger corpusdevelops.If the systemis
successfulvith the apartment-huntingcenariowe hopeto
expandthe translators scopeto otherscenario®f concern
to the Deaf community In this way we hopeto copy the
model of the speechrecognitioncommunitywhich lever
agedits succesin the ATIS taskto moredif cult scenarios
suchastakingdictation.

We also expectto experimentwith the translatorappa-
ratus. We wish to combinethe Accelgylove systemwith
a computervision systemto determinewhich featuresand
signseachsystemcanbestrecognizeln addition,we will
discussthe variouswearablehardware optionswith mem-
bersof the Deafcommunityto determinewvhich optionsare
mostdesirable Finally, we will improve the translatorin-
terfaceaswe gainmoreexperienceén makingpracticalsys-
temswith thecommunity

6. RelatedWork

Following a similar path to early speechrecognition,
mary early attemptsat machinesign languagerecognition



concentratednisolatedsignsor ngerspelling.Spacedoes
not permit a thoroughreview, but, in general,most cur-
rentsystemsely oninstrumentedlovesor adesktop-based
camerasystemBefore1995mostsystememployedaform
of templatematchingor neuralnetsfor recognition;how-
ever, mary currentsystemsiow employ HMMs.

In 1998,Liang andOuhyoungswork in TaiwaneseSign
Language[10] showved very encouragingresults with a
glove-basedrecognizer This HMM-based systemrecog-
nizes51 postures8 orientationsand 8 motion primitives.
When combined, these constituentscan form a lexicon
of 250 words which can be continuouslyrecognizedin
real-timewith 90.5% accurag. At ICCV'98, Vogler and
Metaxasdescribeda desk-basedBD camerasystemthat
achieves89.9%word accurag on a 53 word lexicon [14].
Since the vision processis computationallyexpensve in
this implementationan electromagnetitraclker is usedin-
terchangeablwith thethreemutuallyorthogonatalibrated
camerador collectingexperimentaldata.Most recentlyat
ICMI2003, Fang,Gao,and Zhaodiscussed decisiontree
and SOFM/HMM recognizerthat achieved approximately
91%accurag onisolatedChineseSignLanguagesignsin a
5113-sigrvocahlulary[6]. This systemis restrictecto desk-
basediseasit employstwo fully instrumentecCybegloves
andthreePolhemussix degreeof freedomtrackers.

7. Conclusion

We have introducedthe conceptof a one-way sign to
spokentranslatorasa suitabletaskfor signlanguageecog-
nition researchWe have demonstratec preliminary sys-
temfor phrase-lgel signrecognitionwith a persignaccu-
ragy of 94%,suggestinghatsufciently largevocahlularies
andhigh enoughaccuraciesre possiblefor a mobile one-
wayAmericanSignLanguagéo Englishtranslatoin alim-
ited domain.Finally, we have discussedninterfacedesign
for the one-way translatorthat puts the signerin-the-loop
for selectingand verifying the appropriatephrasetransla-
tion.
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