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Abstract

We build upona constrained,lab-basedSignLanguage
recognitionsystemwith thegoalof makingit a mobileassis-
tive technology. We examineusingmultiplesensors for dis-
ambiguationof noisydatato improverecognitionaccuracy.
Our experimentcompares the resultsof training a small
gesture vocabulary usingnoisyvision data, accelerometer
dataandbothdatasetscombined.

1. Intr oduction

Twenty–eightmillion Deafandhard–of–hearingindivid-
uals form the largestdisabledgroup in the United States.
Everydaycommunicationwith thehearingpopulationposes
a major challengeto thosewith hearingloss. Most hear-
ing peopledo not know signlanguageandknow very little
aboutDeafnessin general.For example,mosthearingpeo-
ple do not know how to communicatein spoken language
with a Deafor hard–of–hearingpersonwho canspeakand
readlips (e.g.thatthey shouldturntheirheador notto cover
their mouth). Although many Deaf peoplelead success-
ful andproductivelives,overall,thiscommunicationbarrier
canhave detrimentaleffectson many aspectsof their lives.
Not only canperson–to–personcommunicationbarriersim-
pedeeverydaylife (e.g. at thebank,postof�ce, or grocery
store),but alsoessentialinformationabouthealth,employ-
ment,andlegal mattersis ofteninaccessibleto them.

Commoncurrentoptionsfor alternative communication
modesincludecochlearimplants,writing, andinterpreters.
Cochlearimplantsarenot a viableoptionfor all Deafpeo-
ple. In fact, only 5.3%of the deafpopulationin America
hasacochlearimplant,andof those,10.1%of theseindivid-
ualsno longerusertheir implant(complaintscitedaresim-
ilar to thoseof hearingaides)[3]. Theambiguityof hand-
writing andslownessof writing makesit a very frustrating
modeof communication.Conversationalrates(bothspoken
andsigned)rangefrom between175 to 225 WPM, while

handwritingratesrangefrom 15 to 25 WPM [7]. In addi-
tion, English is often the Deaf person's secondlanguage,
AmericanSignLanguage(ASL) beingtheir �rst. Although
many Deafpeopleachieveahighlevel of pro�ciency in En-
glish, not all Deaf peoplecan communicatewell through
written language. Since the averageDeaf adult readsat
approximatelya fourth gradelevel [8, 2], communication
throughwritten Englishcanbetoo slow andoftennot pre-
ferred.

Interpretersarecommonlyusedwithin theDeafcommu-
nity, but canhavehighhourlycostsandbeawkwardin situ-
ationswhereprivacy is of high concern,suchasat a doctor
or lawyer'sof�ce. Interpretersfor Deafpeoplewith special-
ized vocabularies,suchasa PhD in MechanicalEngineer-
ing, canbedif�cult to �nd andvery expensive. It canalso
bedif�cult to �nd aninterpreterin unforeseenemergencies
wheretimely communicationis extremelyimportant,such
ascaraccidents.

Our goal is to offer a sign recognitionsystemas an-
otherchoiceof augmentingcommunicationbetweenDeaf
andhardof hearingpeopleandthehearingcommunity. We
seekto implementa self containedsystemthata Deafuser
could useas a limited interpretor. This wearablesystem
would captureandrecognizethe Deaf user's signing. The
usercouldthencuethesystemto generatetext or speech.

2 RelatedWork

2.1 LanguageModels

ContactSignis a modi�ed form of AmericanSignLan-
guage(ASL) that is oftenusedby Deafsignerswhenthey
encounternon–nativesigners[12]. It is asimpli�ed version
of ASL, with lesscomplex combinationsof movementand
a grammarthat is more analogousto English. We chose
to constrainthe scopeof the languageproblemto a vari-
antof ContactSign. By usingContactSign,we reducethe
complexity of thelanguagesetweareseekingto recognize,



while maintaininga languagesetthat is usefulto theDeaf
community.

We chooseto furtherconstrainthe problemby leverag-
ing theideaof “formulaic” language.Formulaicis language
that is ritualized or prefabricated. It includes routines,
idioms, set phrases,rhymes, prayers and proverbs[22].
The DARPA one–way translationsystemsusedby peace–
keeping troupes,maritime law enforcementand doctors
usesthis idea to employ questionsdesignedfor speci�c
responses.The systemprovides translationsof predeter-
mined phrasesusedto provide information or elicit feed-
back.Informativephrasesincludesentenceslike“I amhere
to helpyou” and“The doctorwill beheresoon”. Requests
and questionsinclude “Pleaseraiseyour handif you un-
derstandme”, “Is anybodyhurt?” and“Are you carryinga
weapon?”[16].

Cox describesthe TESSA system,a systemthat com-
binesformulaic languagewith speechrecognitionandse-
mantic phraseanalysisto createa systemfor generating
phrasesin British Sign Languagefor Deaf customersat
the post of�ce [5]. A set of formulaic languagephrases
werecompiledfrom observedinteractionsat thepostof�ce.
Thesephraseswerethentranslatedinto sign andrecorded
on video. The postal employee speaksto a systemthat
performsspeechrecognitionandusessemanticmappingto
choosethemostlikely phrase.Theclerk maysay“Interest
in theUK is tax free”, andthesystemwouldcuethephrase
“All interestis free of UK incometax” which would then
referencethevideoof asignedtranslationfor theDeafcus-
tomerto see.Thelanguageprocessorachieveda2.8%error
rateonphrasematchingfor thepostof�ce domain.

The useof formulaic languageallows for a reduction
vocabulary sizeandallows for bettererror handling. Cox
showed a progressive decreasein error ratesfor the lan-
guageprocessor, by allowing a userto selectfrom larger
N bestlists: 1–bestwas9.7%,3–bestwas3.8%and5–best
was2.8%[5]. The applicationof the phraseselectionop-
tionsalsoresultedin a signi�cant increasein usersatisfac-
tion with thesystem.TheTESSAsystemwasscheduledto
goon trial in � ve British postof�ces in May 2002.

2.2 Hidden Mark ov Models for GestureRecogni­
tion

HMMs are stochasticmodels that representunknown
processesasa seriesof observations. Gesturerecognition
researchershave foundHMMs to bea usefultool for mod-
eling actionsover time [23, 17, 4]. In particular, gesture
recognitionresearchershave hadsomesuccesswith using
HMMs for sign languagerecognition[11, 21, 18]. For an
in–depthintroductionto HMMs, theinterestedreaderis re-
ferredto thetutorial by Rabiner[15].

2.3 First PersonCameraView

Much of the researchon sign languagerecognitionhas
beendoneusing cameraspointedat a person,in a “third
person”view[21, 6]. Thepersonthensignsto thecamerain
thesamemannerthey would to anotherperson.Thesesys-
temsrequirethatthecamerabeat a predeterminedposition
in relationto thesigner. While thesesystemshave worked
well in thelab, their designinherentlylimits theirmobility.

A cameramountedin the brim of a hat canbe usedto
observe the user and is suf�cient to capturemost of the
normal signing space. Thoughsign languageis designed
to be viewed looking directly at anotherperson,the head
mountedcameracapturesthe signsvery effectively. The
view of the camerais similar to a personlooking at their
own signing, which meansthat signing capturedby the
cameracanbeclearlyunderstood.Thesemotivationsled to
theheadmountedcameradesignseenin Figure1. A bene�t
of thisdesignis thattheusercanmonitorthecamera'sview
via the head–mounteddisplay. This allows the usersome
ideaof what the cameraseeandprovides feedbackabout
systeminput.

2.4 Accelerometersfor GestureRecognition

Datagloveshave beenusedby researchersfor sign lan-
guagerecognitionresearch[20, 14, 10, 13, 9, 11]. These
dataglovesareusuallyneoprenegloveswith a network of
accelerometersthatsenddetailedinformationaboutrotation
andmovementof thehandand�ngers. While thesegloves
provide largeamountsof informationabouthandshapeand
movement,they alsohave problemsassociatedwith daily
wear. Neoprenecan be uncomfortablefor long term use
andinterfereswith a user's tactile feedback.Currentdata
glove technologyis not intendedfor daily use; the gloves
deterioratequickly with extendeduseandoutputbecomes
increasinglynoisyasthey breakdown.

If dataglovesarenot appropriatefor the task, thenwe
look to �nd anotherwayof usingtheaccelerometertechnol-
ogy. The informationaboutrotationandmovementcould
be extremelyhelpful in providing informationabouthand
movement.Accelerometerscouldbemadeeasyto wearif
they werewirelessandmountedon the wrist in a bracelet
or watch. This applicationwould not provide the detailed
informationabouthandshapethat thedataglovesprovide,
but would provide informationthat is complementaryto a
visionsystemor othersensors.

2.5 PreviousSystem

In the past,we have demonstrateda HMM based,sign
languagerecognitionsystemlimited to a forty word vocab-
ulary anda controlledlighting environment.[19]. Theuser



Figure 1. Hat–mounted camera and its view
of signing

worea hat–mountedcamera(seeFigure1) to capturetheir
signing. Datasetsweretaken in a controlledlab environ-
mentwith standardlighting andbackground.The images
were then processedon a desktopsystemand recognized
in real–time. It wastrainedon a 40 word vocabulary con-
sistingof samplesof verbs,nounsadjectivesandpronouns.
Thesystemtrainedto anaccuracy of 97.8%onanindepen-
danttestsetusinga rule–basedgrammar. Thefull statistics
canbeseenin Table1.

The initial systemwas composedof a head–mounted
NTSC camerawhich fed video to either to a computeror
a recorder. The video wasanalyzedon a Silicon Graphics
200MHZIndy workstationat10framespersecond.Recog-
nition wasdonein realtime.

experiment trainingset independanttestset
grammar 99.3% 97.8%

nogrammar 93.1% 91.2%

Table 1. Word Accurac y of Original System

TheHMMs for thesystemweretrainedandtestedusing
the Hidden Markov Model Toolkit from CambridgeUni-
versity. TheHiddenMarkov Model Toolkit (HTK) wasde-
velopedat the Speech,Vision and Roboticsgroup at the
CambridgeUniversityEngineeringDepartmentasa toolkit
for building andusingHiddenMarkov modelsfor speech
recognitionresearch[1, 24]. HTK consistsof a library of
tools primarily usedfor speechrecognition,thoughit has
gainedpopularity for non–speechapplications.HTK was
particularlyusefulbecauseit allows us to augmentHMM
recognitionwith many speechtools that take advantageof
thelinguistic structureof signlanguage.

3 Curr ent system

While thethepreviousresearchin sign languagerecog-
nition showssomesuccessin thelab,ourgoalis to createa

systemthat is a viableassistive technology. The long term
goalof theprojectis a systemthata Deafusercouldwear
for therecognitionof theirsigning.Theuserwouldsignand
the systemwould offer the recognizedwordsfor the users
acceptanceor modi�cation. Thesystemcouldthenbeused
to outputtext or speech,dependingon theapplication.This
recognitionsystemcould ultimately be extendedto act as
an input device for phones(for TTY or SMS), computing
devices,or asa componentin a sign to Englishtranslation
system.

3.1 Moti vation

Mobile systemsare challengedby changingand un-
predictableconditions. Our previous systemwas a lab–
basedcomputervision systemfor sign languagerecogni-
tion. Thereare many challengesinvolved in taking sys-
temsthat aredevelopedfor constrainedlab scenariosand
making them mobile. Mobile computervision can often
beextremelynoisy, makingit dif�cult to process.Lighting
andbackgroundenvironmentareconstantlychangingasthe
usermoves throughthe world. Becauseof the camera's
view, our backgroundis the �oor or groundsurrounding
the userandcould have considerableclutter. Many com-
putervision techniquesaredevelopedandtestedin the lab
andnever exposedto thestressesof a mobileenvironment.
Lab systemsuseassumptionsof lighting, color constancy,
and unclutteredbackgroundto help easethe vision task.
Eventaskssuchastrackingvisualmarkers(suchasourcol-
oredwristbands)becomemoredif�cult aslighting intensity,
colorandanglechanges.

We proposeusingmultiplesensortypesfor disambigua-
tionof noisein gesturerecognition.In thiscase,wechoseto
addaccelerometerswith threedegreesof freedom,mounted
on thewristsandtorsoto increaseour sensinginformation.
The accelerometerswill captureinformation that the vi-
sionsystemwill havedif�culty with suchasrotation(when
handshapelookssimilar)andverticalmovementtowardsor
away from the camera.The camerawill provide informa-
tion not gatheredby theaccelerometerssuchashandshape
and position. Both sensorscollect information about the
movementof the handsthroughspace. It is our goal that
by addingmultiplesensortypes,theaccuracy of thesystem
will beimprovedin noisyor problematicconditions.

It is importantto add that sensorselectionis basedon
theamountof informationthesensorcollectsandits “wear-
ability”. We couldcover theuserin sensorsfor maximum
information,but if it' s not practicalfor daily wear, our sys-
tem becomeslessusable.We have beenworking with the
Deaf communityto ascertainwhat hardware is acceptable
for wearableuse.Thecurrentsystemcouldbepartiallycon-
cealedby embeddingthecamerain a normalhat,suchasa
baseballcap,andcombiningvisualmarkersandaccelerom-



etersinto a watchor bracelet.Sincethe systemis trained
speci�cally by theuser, thesechoicescanbesomewhatcus-
tomized.

The currentresearchsystemis still somewhat cumber-
some,but reactionfrom our community consultantshas
beenpositive. Early on we discoveredthat if the heads–
updisplaywasontheeyewith thedominanthand,it wasin
thewayof headbasedsignsandwasoftenknockedaround.
Switching the display to the other eye seemedto almost
eliminatetheproblem.The�rst personview of thecamera
seemsvery usefulfor theusersto observe how thesystem
capturestheir signing. Overall, peoplehave beenexcited
aboutthe technologyand enjoyed playing with the wear-
ablesystem,but moredevelopmentis neededfor daily use.

3.2 Design

Ourcurrentresearchsystemconsistsof awearablecom-
puter, heads–updisplay, hat–mountedcamera, and ac-
celerometers.Thesystemcapturesvideoof theusersigning
alongwith accelerometerdatafrom thewristsandbody. A
sampleview from thecamerascanbeseenin Figure2. The
left handis markedby acyanbandonthewrist andtheright
handis markedby ayellow band.

Thecurrentsystemis runonaCharmitProwith aTrans-
metaCrusoe800MHzprocessor. Thecamerais anoff the
shelfCCD webcamconnectedvia USB. Theaccelerome-
ter systemwasdesignedat ETH (SwissFederalInstituteof
Technologyin Zurich) aspart of an ongoingresearchcol-
laboration.Thecurrentsystemcapturesandprocessesat10
framespersecond.

3.3 AccelerometerNetwork

The accelerometernetwork is a 3-wire bus with a ded-
icatedmaster. Two wires implementthe communication
betweenthe nodesusingthe I2C-bus andthe third is used
to synchronizeall sensors.This hierarchicalapproachpro-
videsa logicalseparationof thesensorinformationincreas-
ing theamountof localprocessingandreducingthecompu-
tationalloadonthecentralmaster. Thisallowsfor multiple,
synchronizedsubnetworks.

Eachof the sensornodesis partitionedandconsistsof
two partseach:a sub-boardwith two dual-axisaccelerom-
etersfrom Analog DevicesADXL202E which allow mea-
surementof linearaccelerationin the3D-space,andamain
boardwith theMSP430F149low power 16-Bit mixedsig-
nalmicroprocessor(MPU) from TexasInstrumentsrunning
at 6MHz maximumclock speed.The MPU readsout the
analogsensorsignalsandhandlesthe communicationbe-
tweenthe modulesthroughdedicatedI/O pins. Sinceour
setuprelies on the analogoutputsof the accelerometers
threesecondorderSallen-Key low pass�lters arealsoused

Figure 2. Sample views of signing from head–
mounted camera

Figure 3. Image of the acceler ometer compo­
nents compared to a coin.



Figure 4. Example image of the user' s view
for the calibration phase

(fcutoff=50Hz)andlocatedonthemain-board.All modules
arepoweredfrom a singlecentralpower supplyconsisting
of astepdown regulatorandasmallbattery.

The sensornet we usedin our experimentshad three
nodes. The masterboardbox wasaf�x ed to the shoulder
strapof thewearablebag. Two of theaccelerometerswere
af�x edto thetop of thewrist. Thethird accelerometerwas
placedon theshoulderstrapon thechest.Thegrey cabling
for the accelerometerscan be seenon the user's armsin
Figure 2. The accelerometersthemselves are coveredby
thecoloredwristbands.

3.4 Georgia TechGestureToolkit

TheHTK componentof thesystemhasbeenredesigned
using the Georgia Tech GestureToolkit, which provides
a publicly available toolkit for developing gesture–based
recognitionsystems.Thetoolkit providesa framework that
simpli�es designingand implementingthe gesturerecog-
nition componentof larger systemsby providing a bridge
betweenthe userand the servicesprovided by HTK. Ad-
vantagesof theredesignhave beenautomatedtrainingand
testingoptionsandquickcon�gurationaswetestnew ideas.

4 Method and Results

We designedthe experimentto collect dataaboutboth
sensingtechniquesto comparetheir performance.We cap-
tureda seriesof signedsentencesto beusedfor testingand
training. Thecapturemethodincludedboth thevision and
accelerometerdata. The testswere then run usingdiffer-
entsubsetsof information(accelerometer, vision,andcom-
bined),andtheresultswerecompared.
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Figure 5. Topology for a 5 state left to right
HMM with self transitions and 1 skip state
used to model the gestures "calibrate", "m y",
"me", "talk", and "exit"

Thetestdatawas72 annotatedsequencesof signedsen-
tences.The vocabulary wasa 5 gesturesetof wordsf my,
computer, helps,me, talkg plusa calibrationgestureat the
beginning andan exit gestureat the end. The calibration
gestureinvolved the userplacingtheir handsinsidea box
shown on the video stream(seeFigure 4). The exit ges-
turewastheprocessof droppingthehandsandusingTwid-
dlerkeyboardinput to stopthedatagathering.A rulebased
grammarwasemployedthatconsistedof a calibrationges-
ture, 5 vocabulary gesturesand an exit gesture. The test
datacontainedsentenceswith differing permutationsof the
5 vocabularywords.

Of concernis thatourcurrentlanguagesetissmallerthan
the training set usedin our previous systemexperiments.
However, our purposehereis to explorehow we mayaug-
mentcomputervisionsoasto makeaviablemobilesystem.
Thus,our maingoal is to determineif accelerometerspro-
vide featuresthatarecomplementaryto thevision system.
Wewill continueto addwordsto ourvocabularyaswecol-
lectmoredatasets.

The featuressets used for training consistedof ac-
celerometerdataandvisiondata.Theaccelerometerfeature
vectorconsistsof: (x,y,z) valuesfor accelerometerson the
left wrist, right wrist andtorso. The vision featurevector
consistsof thefollowing blobcharacteristics:x,y centerco-
ordinates,mass,eccentricity, angle,majoraxisx,y coordi-
nates,andminoraxisx,y coordinates.Thecameracaptures
at 10 framesa secondandeachframeis synchronizedwith
8–12accelerometerpackets. Theaccelerometervaluesare
anaverageof thepacketsthataccompany eachframe.

TheGeorgiaTechGestureToolkit wasusedfor thetrain-
ing andtestingof our languagemodels.Gesturesin thevo-
cabulary wererepresentedby two differentHMM topolo-
gies. Shortwordsf my, me, talk, exit, calibrateg wererep-
resentedwith a 5 stateleft to right HMM with self transi-
tions and 1 skip state,shown in Figure 5. Longer words
f computer, helpsg wererepresentedwith a 10 stateleft to
right HMM with self transitionand2 skipstates.

We usedthe leave–one–outtestingmodeandcollected
statisticsfor the training andtestingruns. Leave–one–out
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Figure 6. Topology for a 10 state left to right HMM with self transitions and 2 skip states used to
model the gestures "computer" and "help"

H D S I N
Vision 4.13 0.46 2.42 0.46 7

292.75 30.14 174.11 30.14 497
Accelerometer 5.08 0.47 1.44 0.47 7

405.97 30.25 60.78 30.25 497
Combined 6.40 0.7 0.53 0.7 7

471.08 2.63 23.29 2.63 497

Table 2. Word level statistics: Rows where
N=7 are testing on independant testing sets
and N=497 are testing on training data. All
results are averaged over the 72 runs.

testinginvolvesrunningmultiple trainingandtestingcycles
in which a singleexampleis left out of thetrainingsetand
usedas a test set. The 72 examplesallow for 72 leave–
one–outtrainingandtestingruns.Statisticsfor eachrunare
collectedandthenaveragedtogether.

4.1 Word Level Metrics

Wewill usestandardword level speechrecognitionmet-
rics for measuringthe performanceof our recognition.
Thesemetricsareall evaluatedbasedon thecomparingthe
transcriptionof therecognizedsentencewith theactualsen-
tence.Skippinga word resultsin a deletionerror. Inserting
extra wordsresultsin aninsertionerror. Substitutionerrors
arewordsthatwererecognizedincorrectly.

Thefollowing symbolsarede�ned as:

� H is thenumberof correctlylabeledgestures
� D is thenumberof deletionerrors
� S is thenumberof substitutionerrors
� I is thenumberof insertionerrors
� N is the total numberof gestureslabeledin the tran-

script

Correctnessis calculatedby: Corr ect = H
N x100%

Accuracy is calculatedby: Accuracy = H � I
N x100%

Table2 shows theword level resultsfor the tests.Each
dataset(vision,accelerometerandcombined)hastwo rows.
Therowscanbecomparedby the“N” columnonthefarleft
of theTable.The�rst row is “N=7”, whichshowstheresults
of testingon theindependanttestingset(onesentenceof 7
words). The secondrow is “N=497” which is the results
of testingon thetrainingset(71 sentencesof 7 wordsfor a
totalof 497words).Thesewordlevel statisticsresultin only
wholenumbersfor eachsinglerun;Table2 showsfractional
numbersbecausethey aretheaverageoverall 72 runs.

4.2 RecognitionRateResults

Table3 shows theaveragesentencelevel accuracy over
all of the runs. The “Training” columnshows the results
of testing on the training set and the “Testing” column
shows the resultsof testingon a previously unseen(inde-
pendant)testingset. Thereis marked improvementfrom
vision (52.38%onTesting)andaccelerometers(65.87%on
Testing),and the combinedset (90.48%on Testing). No
training runsfor any of the featuresetsresultedin 0%. In
38 of therunsthecombinedvectorrecognizedat 100%ac-
curacy. In contrast,the accelerometerfeaturesrecognized
at100%accuracy only 6 times,andthevisionnever did.

The“testingon training” resultshelpshow how well we
canactuallymodelthedata.Theserunsshow theresultsof
testingthemodelwith thedatawe usedto createit. These
recognitionratesusuallyform anapproximateupperbound
for the models' performance.The differencebetweenthe
accuracieson the training andtestingset is lessthan10%
for all threesets,showing thatwe areapproachingtheup-
per boundsof recognitionfor the modelswe have trained.
Thehiddennatureof HMMs makesit dif�cult to determine
what datafeaturesareusedastransitionalsignals,but the
high correlationbetweenthe“Testing”and“Training” col-
umnstatisticsindicatesahighprobabilitythatwearegener-
alizingthemodelswell andtrainingoninformative features



DataSet Testing Training
Mean StdDev Mean StdDev

Vision 52.38% 8.97 52.84% 0.98
Accelerometer 65.87% 16.53 75.60% 1.30

Combined 90.48% 11.25 94.26% 0.87

Table 3. Accurac y: The "Testing" column
sho ws testing on an independant testing set
and "Training" column sho ws testing on train­
ing sets.

insteadof noise.

4.3 Mobility and Generality

Onecriticism of theseresultsis thedramaticdifference
in vision-onlyrecognitionratesascomparedwith theprevi-
oussystem.Thesequestionsreveal thechangein direction
that the projecthastaken. The initial systemwasan early
proof of conceptsystemfor sign recognition,designedex-
clusively for in lab use. The currentsystemis a proof of
conceptfor mobility.

The early systemhadvery narrow working parameters.
Thesystemwasdesignedto work in averyspeci�c environ-
mentthatwasengineeredtoaidin thevisiontask.Theback-
groundanduser'sclothingwasuniformandchosenfor high
contrast.Theusersatstationaryin a speci�c placeanddid
not move his heador body. Specialcarewastakento place
lighting aroundthe signing spaceso that the handswere
evenly lit. Becausetheseparameterswerecarefullyorches-
trated,thevision hardwareandsoftwarecouldbecarefully
calibratedfor optimimumperformance.The color thresh-
olds,gaincontrol,andwhitebalancewereadjustedby hand.

The hardware was also chosenfor maximum perfor-
manceinsteadof cost, wearability and form factor. The
camerawasa $3,000nearbroadcastquality camerawhich
couldbehandcalibratedfor theworking environment.The
processingwasdoneonaSGIO2serverwith aprofessional
digitization board. Thoughthe systemsensorswerewear-
able,andthe systemhadbeendesignedfor migrationto a
wearablesystem,it wasnot truly ”wearable”at thetime.

In contrast,the current systemhas beendesignedfor
wearability and mobility. The hardware hasbeenchosen
for costandform factor, which hasresultedin a trade-off
in quality. Thecamerais anoff-the-shelfwebcam,which
is signi�cantly cheaper, moredurable,andconsumesmuch
lower power (1 Watt comparedto 4 Wattson the previous
system),but hasmuchlowerimagequality. Thevisioncode
and cameracalibrationare much more generalized. The
cameraadjuststo lighting changeswith autogain control
(insteadof a pre-setvalue),which canoften changecolor
andshadingeffects.Thecolormodelshavebeenchosenfor

ageneralenvironment,sothey aremorelikely to benoisy.

5 Conclusionand Futur eWork

Our hypothesisthatthetwo sensingmethodswould col-
lect complementaryandslightly overlappinginformationis
validatedby theresults.Individually, visionandaccelerom-
eterdatasetsperformedsigni�cantly lesswell thanthecom-
binedfeaturevector, even whentestedon the training set.
Weplanto furtherexplorewhatkindsof techniqueswecan
usefor dealingwith noisysensingin theenvironment.

We arecurrentlycollaboratingwith Assistive Technol-
ogy researchersandmembersof the Deaf communityfor
continueddesignwork. Thegesturerecognitiontechnology
is only onecomponentof a larger systemthat we hopeto
onedaybeanactivetool for theDeafcommunity. Research
continueson the wearableform factor, patternrecognition
techniques,anduserinterface.

We choseto use a rule–basedgrammarfor sentence
structurein thetrainingandtestingprocess.Speechrecog-
nition often usesstatisticalgrammarsfor increasedaccu-
racy. Thesegrammarsarebuilt by tying togetherphonemes
(the simplestunit of speech)andtraining on the transition
betweenthe phonemes. The setsare usually done with
bigrams(two phonemestied together)or trigrams (three
phonemes). Training using bigramsor trigramsrequires
considerablymore data becauserepresentationsof each
transitionof eachword arenow needed.In our case,the
bigramsandtrigramswould bebuilt by tying togetherges-
tures. Our currentdataset is too small to effectively train
usingbigramsor trigrams,butweintendtocontinuecollect-
ing datawith thegoalof implementingthesetechniques.

Thecurrentsystemhasonly beentrainedonaverysmall
vocabulary. We seekto increasethe sizeandscopeof our
datasetto train on a larger vocabulary with more signing
examples.A largerdatasetwill alsoallow usto experiment
further on performancein differentenvironments. Sucha
comparisonwill allow us to tangibly measurethe robust-
nessof the systemin changingenvironmentsandprovide
trainingexamplesfor awidervarietyof situations.

We plan “Wizard of Oz” studiesto seekto determine
one–way translatorphrasesetsfor constrainedsituations
similar to the post of�ce environment in Cox's work [5].
Thephrasesetswill helpusdetermineappropriatevocabu-
lariesfor variousapplications.

Work onthesensingcomponentsof thesystemwill con-
tinuethroughoutdevelopmentof thesystem.Adaptivecolor
modelsandimprovedtrackingcouldboostperformanceof
thevisionsystem.Wirelessaccelerometerswill makewear-
ing the systemmuchmoreconvenient. Othersensingop-
tionswill beexplored.
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