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Abstract

We build upona constained,lab-basedSignLanguaye
recaynition systenwith thegoal of makingit a mobileassis-
tive technolagy. We examineusingmultiple sensos for dis-
ambiguationof noisydatato improverecanition accuracy:.
Our experimentcompaes the resultsof training a small
gestue vocahulary usingnoisyvision data, acceleometer
dataandbothdatasetscombined.

1. Intr oduction

Twenty—eighmillion Deafandhard—of—hearingndivid-
ualsform the largestdisabledgroupin the United States.
Everydaycommunicatiomwith 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 Deafor hard—of—hearingpersonwho canspeakand
readlips (e.g.thatthey shouldturntheirheador notto cover
their mouth). Although mary Deaf peoplelead success-
ful andproductve lives,overall,thiscommunicatiorbarrier
canhave detrimentaleffectson mary aspectf their lives.
Not only canperson—to—persacommunicatiorbarriersm-
pedeeverydaylife (e.g. atthebank,postof ce, or grocery
store),but alsoessentialnformationabouthealth,employ-
ment,andlegal matterss ofteninaccessibléo them.

Commoncurrentoptionsfor alternatve communication
modesincludecochlearimplants,writing, andinterpreters.
Cochlearimplantsarenot a viable optionfor all Deafpeo-
ple. In fact, only 5.3% of the deafpopulationin America
hasacochleaimplant,andof those 10.1%of thesandivid-
ualsnolongerusertheirimplant (complaintscited aresim-
ilar to thoseof hearingaides)[3]. The ambiguityof hand-
writing andslownessof writing makesit a very frustrating
modeof communicationCorversationarates(bothspolen
andsigned)rangefrom betweenl75to 225 WPM, while
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handwritingratesrangefrom 15 to 25 WPM [7]. In addi-
tion, Englishis often the Deaf persons secondlanguage,
AmericanSignLanguaggASL) beingtheir rst. Although
mary Deafpeopleachieve ahighlevel of pro ciency in En-
glish, not all Deaf peoplecan communicatewell through
written language. Sincethe averageDeaf adult readsat
approximatelya fourth gradelevel [8, 2], communication
throughwritten Englishcanbetoo slow andoften not pre-
ferred.

Interpretersarecommonlyusedwithin the Deafcommu-
nity, but canhave high hourly costsandbe awkwardin situ-
ationswhereprivagy is of high concernsuchasatadoctor
orlawyer'sof ce. Interpretergor Deafpeoplewith special-
ized vocahularies,suchasa PhD in MechanicalEngineer
ing, canbedif cult to nd andvery expensve. It canalso
bedif cult to nd aninterpreterin unforeseemmegencies
wheretimely communications extremelyimportant,such
ascaraccidents.

Our goal is to offer a sign recognitionsystemas an-
other choiceof augmentingcommunicatiorbetweenDeaf
andhardof hearingpeopleandthe hearingcommunity We
seekto implementa self containedsystemthata Deafuser
could useas a limited interpretor This wearablesystem
would captureandrecognizethe Deafusers signing. The
usercouldthencuethe systento generateext or speech.

2 RelatedWork

2.1 LanguageModels

ContactSignis amodi ed form of AmericanSignLan-
guage(ASL) thatis often usedby Deaf signerswhenthey
encountenon—nate signerg12]. It isasimpli ed version
of ASL, with lesscomplex combinationsof movementand
a grammarthat is more analogougo English. We chose
to constrainthe scopeof the languageproblemto a vari-
antof ContactSign. By usingContactSign, we reducethe
compl«ity of thelanguagesetwe areseekingo recognize,



while maintaininga languagesetthatis usefulto the Deaf
community

We chooseto further constrainthe problemby leverag-
ing theideaof “formulaic” language Formulaicis language
that is ritualized or prefabricated. It includesroutines,
idioms, set phrases,rhymes, prayersand proverbs[22.
The DARPA one—vay translationsystemsusedby peace—
keepingtroupes, maritime law enforcementand doctors
usesthis ideato employ questionsdesignedfor specic
responses.The systemprovides translationsof predeter
mined phrasesusedto provide information or elicit feed-
back.Informative phrasesncludesentencebke“l amhere
to helpyou” and“The doctorwill beheresoon”. Requests
and questionsinclude “Pleaseraise your handif you un-
derstandme”, “Is arybody hurt?” and“Are you carryinga
weapon?’[1&

Cox describegshe TESSA system,a systemthat com-
binesformulaic languagewith speechrecognitionand se-
mantic phraseanalysisto createa systemfor generating
phrasesin British Sign Languagefor Deaf customersat
the postof ce [5]. A setof formulaic languagephrases
werecompiledfrom obsenredinteractionsatthe postof ce.
Thesephrasesverethentranslatednto sign andrecorded
on video. The postalemplo/ee speaksto a systemthat
performsspeechrecognitionandusessemantianappingto
choosethe mostlikely phrase.The clerk may say“Interest
in the UK is tax free”, andthe systemwould cuethe phrase
“All interestis free of UK incometax” which would then
referencehevideo of asignedtranslatiorfor the Deafcus-
tomerto see.Thelanguagerocessoachieveda2.8%error
rateon phrasematchingfor the postof ce domain.

The use of formulaic languageallows for a reduction
vocahulary size andallows for bettererror handling. Cox
shaved a progressie decreasen error ratesfor the lan-
guageprocessqgrby 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 increasen usersatisfc-
tion with the system.The TESSAsystenwasscheduledo
goontrial in ve British postof ces in May 2002.

2.2 Hidden Mark ov Models for Gesture Recogni-
tion

HMMs are stochasticmodelsthat representunknavn
processessa seriesof obsenations. Gesturerecognition
researcherbave found HMMs to be a usefultool for mod-
eling actionsover time [23, 17, 4]. In particulay gesture
recognitionresearcherbave had somesuccesaith using
HMMs for signlanguagerecognition[11, 21, 18]. For an
in—depthintroductionto HMMs, theinterestedeadelis re-
ferredto thetutorial by Rabiner{15].

2.3 First PersonCameraView

Much of the researclon sign languagerecognitionhas
beendoneusing cameragointedat a person,in a “third
personview[21, 6]. Thepersornthensignsto thecameran
the samemannerthey would to anothemperson.Thesesys-
temsrequirethatthe camerabe at a predeterminegosition
in relationto the signer While thesesystemshave worked
well in thelab, their designinherentlylimits their mobility.

A cameramountedin the brim of a hatcanbe usedto
obsenre the userandis sufcient 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
cameracanbeclearlyunderstoodThesemotivationsled to
theheadmountedcameradesignseenin Figurel. A bene t
of thisdesignis thattheusercanmonitorthecameras view
via the head—mountedisplay This allows the usersome
ideaof what the cameraseeand provides feedbackabout
systeminput.

2.4 Accelerometersfor Gesture Recognition

Datagloveshave beenusedby researcherfor signlan-
guagerecognitionresearct20, 14, 10, 13, 9, 11]. These
dataglovesareusuallyneopreneyloveswith a network of
accelerometerthatsenddetailednformationaboutrotation
andmovementof the handand ngers. While thesegloves
provide largeamountsof informationabouthandshapeand
movement,they alsohave problemsassociatedvith daily
wear Neoprenecan be uncomfortablefor long term use
andinterfereswith a users tactile feedback. Currentdata
glove technologyis not intendedfor daily use;the gloves
deterioratequickly with extendeduseand outputbecomes
increasinglynoisyasthey breakdown.

If dataglovesare not appropriatefor the task, thenwe
lookto nd anothemvay of usingtheaccelerometeechnol-
ogy. Theinformationaboutrotationand movementcould
be extremely helpful in providing information abouthand
movement. Accelerometergould be madeeasyto wearif
they werewirelessand mountedon the wrist in a bracelet
or watch. This applicationwould not provide the detailed
informationabouthandshapethatthe dataglovesprovide,
but would provide informationthatis complementaryo a
vision systemor othersensors.

2.5 Previous System
In the past,we have demonstrateéd HMM based sign

languageecognitionsystemlimited to a forty word vocab-
ulary anda controlledlighting ervironment.[19]. Theuser



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

wore a hat-mountedameraseeFigure 1) to capturetheir
signing. Datasetsweretakenin a controlledlab environ-
mentwith standardighting andbackground.The images
were then processedn a desktopsystemand recognized
in real-time. It wastrainedon a 40 word vocalulary con-
sistingof samplef verbs,nounsadjectvesandpronouns.
Thesystemtrainedto anaccurag of 97.8%o0n anindepen-
danttestsetusingarule—basedrammar Thefull statistics
canbeseenn Tablel.

The initial systemwas composedof a head—mounted
NTSC camerawhich fed video to eitherto a computeror
arecorder Thevideowasanalyzedon a Silicon Graphics
200MHZ Indy workstationat 10 framespersecond Recog-
nition wasdonein realtime.

experiment | trainingset | independantestset
grammar 99.3% 97.8%
no grammar 93.1% 91.2%

Table 1. Word Accurac y of Original System

The HMMs for the systemweretrainedandtestedusing
the Hidden Markov Model Toolkit from CambridgeUni-
versity TheHiddenMarkov Model Toolkit (HTK) wasde-
velopedat the Speech,Vision and Roboticsgroup at the
CambridgeUniversity EngineeringDepartmentsa toolkit
for building and using Hidden Markov modelsfor speech
recognitionresearcH1, 24]. HTK consistsof a library of
tools primarily usedfor speectrecognition,thoughit has
gainedpopularity for non—speeclapplications. HTK was
particularly usefulbecauset allows usto augmentHMM
recognitionwith mary speechools thattake advantageof
thelinguistic structureof signlanguage.

3 Currentsystem

While the the previousresearchn signlanguagerecog-
nition shavs somesucces#n thelab, our goalis to createa

systemthatis a viable assistve technology Thelong term
goal of the projectis a systemthata Deaf usercould wear
for therecognitionof their signing. Theuserwould signand
the systemwould offer the recognizedwvordsfor the users
acceptancer modi cation. Thesystemcouldthenbe used
to outputtext or speechdependingntheapplication.This
recognitionsystemcould ultimately be extendedto act as
aninput device for phones(for TTY or SMS), computing
devices,or asa componenin a signto Englishtranslation
system.

3.1 Motivation

Mobile systemsare challengedby changingand un-
predictableconditions. Our previous systemwas a lab—
basedcomputervision systemfor sign languagerecogni-
tion. Thereare mary challengesnvolved in taking sys-
temsthat are developedfor constrainedab scenariosand
making them mobile. Mobile computervision can often
be extremelynoisy, makingit dif cult to processLighting
andbackgrouncervironmentareconstantlychangingasthe
user moves throughthe world. Becauseof the cameras
view, our backgroundis the oor or groundsurrounding
the userand could have considerableclutter Many com-
putervision techniquesredevelopedandtestedin the lab
andnever exposedto the stresse®f a mobile ervironment.
Lab systemauseassumption®f lighting, color constang,
and unclutteredbackgroundto help easethe vision task.
Eventaskssuchastrackingvisualmarkers(suchasour col-
oredwristbandshecomemoredif cult aslighting intensity
colorandanglechanges.

We proposeausingmultiple sensotypesfor disambigua-
tion of noisein gestureecognition.In thiscasewe choseo
addaccelerometengith threedegreesof freedommounted
onthewristsandtorsoto increaseur sensingnformation.
The accelerometersvill captureinformation that the vi-
sionsystermwill have dif culty with suchasrotation(when
handshapdookssimilar) andverticalmovementowardsor
away from the camera. The camerawill provide informa-
tion not gatheredby the accelerometersuchashandshape
and position. Both sensorscollect information aboutthe
movementof the handsthroughspace. It is our goal that
by addingmultiple sensotypes,theaccurayg of thesystem
will beimprovedin noisy or problematicconditions.

It is importantto add that sensorselectionis basedon
theamountof informationthe sensorcollectsandits “wear-
ability”. We could cover the userin sensorgor maximum
information,but if it's not practicalfor daily wear our sys-
tem becomedessusable. We have beenworking with the
Deaf communityto ascertainvhat hardwareis acceptable
for wearableause.Thecurrentsystencouldbepartially con-
cealedby embeddinghe cameran a normalhat,suchasa
basebaltap,andcombiningvisualmarkersandaccelerom-



etersinto a watch or bracelet. Sincethe systemis trained
speci cally by theuser thesechoicescanbesomevhatcus-
tomized.

The currentresearchsystemis still somavhat cumber
some, but reactionfrom our community consultantshas
beenpositive. Early on we discoveredthat if the heads—
up displaywasontheeye with thedominanthand,it wasin
theway of headbasedsignsandwasoftenknockedaround.
Switching the display to the other eye seemedo almost
eliminatethe problem. The rst persornview of thecamera
seemsvery usefulfor the usersto obsere how the system
capturestheir signing. Overall, peoplehave beenexcited
aboutthe technologyand enjoyed playing with the wear
ablesystem put moredevelopments neededor daily use.

3.2 Design

Ourcurrentresearchsystemconsistof awearablecom-
puter heads—updisplay hat-mountedcamera, and ac-
celerometersThesystenmcapturevideoof theusersigning
alongwith accelerometedatafrom thewristsandbody. A
sampleview from the cameraganbeseenin Figure2. The
left handis markedby acyanbandonthewrist andtheright
handis markedby ayellow band.

Thecurrentsystemis runon a CharmitProwith a Trans-
metaCrusoe800MHz processar The cameras an off the
shelf CCD web camconnectedria USB. The accelerome-
ter systemwasdesignedat ETH (SwissFederalnstituteof
Technologyin Zurich) aspart of an ongoingresearctcol-
laboration.The currentsystencaptureandprocesseat10
framespersecond.

3.3 Accelerometer Network

The accelerometenetwork is a 3-wire bus with a ded-
icated master Two wires implementthe communication
betweenthe nodesusingthe 12C-bus andthe third is used
to synchronizeall sensorsThis hierarchicalapproachpro-
videsalogical separatiorof thesensoinformationincreas-
ing theamountof local processing@ndreducingthecompu-
tationalloadonthecentralmaster This allows for multiple,
synchronizegubnetverks.

Eachof the sensomodesis partitionedand consistsof
two partseach:a sub-boardvith two dual-axisaccelerom-
etersfrom Analog Devices ADXL202E which allow mea-
suremenbf linearacceleratiorin the 3D-spaceanda main
boardwith the MSP430F149ow power 16-Bit mixed sig-
nal microprocessofMPU) from TexasInstrumentsunning
at 6MHz maximumclock speed. The MPU readsout the
analogsensorsignalsand handlesthe communicatiorbe-
tweenthe modulesthroughdedicated/O pins. Sinceour
setuprelies on the analogoutputsof the accelerometers
threeseconcdrderSallen-Key low passlters 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 regulatoranda smallbattery

The sensornet we usedin our experimentshad three
nodes. The masterboardbox was af x ed to the shoulder
strapof the wearablebag. Two of the accelerometergere
af x edto thetop of thewrist. Thethird accelerometewas
placedon the shoulderstrapon the chest. Thegrey cabling
for the accelerometersan be seenon the users armsin
Figure 2. The accelerometerthemseles are covered by
the coloredwristbands.

3.4 Georgia TechGesture Toolkit

The HTK componenbdf the systemhasbeenredesigned
using the Geogia Tech GestureToolkit, which provides

a publicly available toolkit for developing gesture—-based

recognitionsystemsThetoolkit providesa frameavork that
simpli es designingandimplementingthe gesturerecog-
nition componendf larger systemsby providing a bridge
betweenthe userandthe servicesprovided by HTK. Ad-
vantageof the redesigrhave beenautomatedraining and
testingoptionsandquickcon gurationaswetestnew ideas.

4 Method and Results

We designedhe experimentto collect dataaboutboth
sensingechniquego comparetheir performanceWe cap-
tureda seriesof signedsentenceto be usedfor testingand
training. The capturemethodincludedboththe vision and
accelerometedata. The testswerethenrun using differ-
entsubset®f information(accelerometewision,andcom-
bined),andtheresultswerecompared.

Figure 5. Topology for a 5 state left to right
HMM with self transitions and 1 skip state
used to model the gestures "calibrate", "my",
"me", "talk", and "exit"

Thetestdatawas72 annotatedequencesf signedsen-
tences.The vocalulary wasa 5 gesturesetof wordsf my,
computey helps,me, talkg plus a calibrationgestureat the
beginning and an exit gestureat the end. The calibration
gestureinvolved the userplacing their handsinside a box
shavn on the video stream(seeFigure 4). The exit ges-
turewastheprocesof droppingthe handsandusing Twid-
dlerkeyboardinputto stopthedatagathering.A rule based
grammamwasemplo/edthatconsistef a calibrationges-
ture, 5 vocalulary gesturesand an exit gesture. The test
datacontainedsentencewith differing permutation®f the
5 vocahlulary words.

Of concerris thatourcurrenianguagesetis smallerthan
the training setusedin our previous systemexperiments.
However, our purposehereis to explore how we may aug-
mentcomputerision soasto make aviablemobilesystem.
Thus,our main goalis to determingf accelerometerpro-
vide featureghat arecomplementaryo the vision system.
We will continueto addwordsto our vocalulary aswe col-
lectmoredatasets.

The featuressets used for training consistedof ac-
celerometedataandvisiondata.Theaccelerometdieature
vectorconsistsof: (x,y,z) valuesfor accelerometersn the
left wrist, right wrist andtorso. The vision featurevector
consistof thefollowing blob characteristicsx,y centerco-
ordinatesmass,eccentricity angle,major axis x,y coordi-
natesandminor axisx,y coordinatesThe cameracaptures
at 10 framesa secondandeachframeis synchronizedvith
8—12accelerometepaclets. The accelerometevaluesare
anaverageof the pacletsthataccompan eachframe.

TheGeogia TechGestureToolkit wasusedfor thetrain-
ing andtestingof our languagemodels.Gesturesn thevo-
calulary were representedby two differentHMM topolo-
gies. Shortwordsf my, me, talk, exit, calibrate wererep-
resentedvith a 5 stateleft to right HMM with self transi-
tions and 1 skip state,shovn in Figure5. Longerwords
f computey helpg wererepresentedvith a 10 stateleft to
right HMM with selftransitionand?2 skip states.

We usedthe leave—one—outestingmodeand collected
statisticsfor the training andtestingruns. Leave—one—out



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 413 | 0.46 | 242 | 046 | 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 thetraining setand
usedas a testset. The 72 examplesallow for 72 leave—
one—outrainingandtestingruns. Statisticfor eachrunare
collectedandthenaveragedogether

4.1 Word Level Metrics

We will usestandardvord level speechrecognitionmet-
rics for measuringthe performanceof our recognition.
Thesemetricsareall evaluatedbasedon the comparingthe
transcriptiorof therecognizedentenceavith theactualsen-
tence.Skippingaword resultsin adeletionerror. Inserting
extrawordsresultsin aninsertionerror. Substitutionerrors
arewordsthatwererecognizedncorrectly

Thefollowing symbolsarede ned as:

H is thenumberof correctlylabeledgestures

D is thenumberof deletionerrors

Sis thenumberof substitutionerrors

| is thenumberof insertionerrors

N is the total numberof gesturedabeledin the tran-
script

Correctnesss calculatedoy: Correct = %xlOO%

Accurag is calculateddy: Accuracy = H1x100%

Table2 shavs the word level resultsfor the tests. Each
dataset(vision,accelerometeandcombinedhastwo rows.
Therows canbecomparedy the“N” columnonthefarleft
of theTable.The rst row is“N=7", whichshavstheresults
of testingon theindependantestingset(onesentencef 7
words). The secondrow is “N=497” which is the results
of testingon thetraining set(71 sentencesf 7 wordsfor a
totalof 497words). Thesewordlevel statisticsesultin only
wholenumberdor eachsinglerun; Table2 shawvsfractional
numberdecausehey aretheaverageoverall 72runs.

4.2 RecognitionRate Results

Table 3 shaws the averagesentencdevel accurag over
all of the runs. The “Training” column shows the results
of testing on the training set and the “Testing” column
shaws the resultsof testingon a previously unseen(inde-
pendant)testingset. Thereis marked improvementfrom
vision (52.38%on Testing)andaccelerometer&5.87%on
Testing),and the combinedset (90.48%o0n Testing). No
training runsfor ary of the featuresetsresultedin 0%. In
38 of therunsthe combinedvectorrecognizedat 100%ac-
curag. In contrastthe accelerometefeaturesrecognized
at100%accurag only 6 times,andthevision never did.

The“testingontraining” resultshelpshov how well we
canactuallymodelthe data. Theserunsshaw theresultsof
testingthe modelwith the datawe usedto createit. These
recognitionratesusuallyform anapproximateupperbound
for the models' performance.The differencebetweenthe
accuracie®n the training andtestingsetis lessthan 10%
for all threesets,shaving that we areapproachinghe up-
per boundsof recognitionfor the modelswe have trained.
Thehiddennatureof HMMs malkesit dif cult to determine
what datafeaturesare usedastransitionalsignals,but the
high correlationbetweerthe “Testing”and“T raining” col-
umnstatisticandicatesahigh probabilitythatwe aregener
alizingthemodelswell andtrainingoninformative features



DataSet Testing Training
Mean | StdDes | Mean | StdDe/
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. Accuracy: The "Testing" column

shows testing on an independant testing set
and "Training" column shows testing on train-
ing sets.

insteadof noise.
4.3 Mobility and Generality

Onecriticism of theseresultsis the dramaticdifference
in vision-onlyrecognitionratesascomparedvith the previ-
oussystem.Thesequestiongevealthe changen direction
thatthe projecthastaken. Theinitial systemwasan early
proof of conceptsystemfor signrecognition,designedex-
clusively for in lab use. The currentsystemis a proof of
concepffor mobility.

The early systemhadvery narrav working parameters.

Thesystemwasdesignedo work in avery speci ¢ erviron-
mentthatwasengineeredb aidin thevisiontask. Theback-
groundandusers clothingwasuniformandchoserfor high
contrast.The usersatstationaryin a speci ¢ placeanddid
not move his heador body. Specialcarewastakento place
lighting aroundthe signing spaceso that the handswere
evenly lit. Becausaheseparametersverecarefullyorches-
trated,the vision hardwareandsoftware could be carefully
calibratedfor optimimum performance.The color thresh-
olds,gaincontrol,andwhite balancevereadjustedy hand.

The hardware was also chosenfor maximum perfor
manceinsteadof cost, wearability and form factor The
camerawasa $3,000nearbroadcastjuality camerawhich
couldbe handcalibratedfor theworking environment.The
processingvasdoneona SGI102 senerwith aprofessional
digitization board. Thoughthe systemsensoraverewear
able,andthe systemhadbeendesignedor migrationto a
wearablesystemjt wasnottruly "wearable”atthetime.

In contrast,the current systemhas beendesignedfor
wearability and mobility. The hardware hasbeenchosen
for costandform factor which hasresultedin a trade-of
in quality. The camerais an off-the-shelfweb cam,which
is signi cantly cheapermoredurable,andconsumesnuch
lower power (1 Watt comparedo 4 Wattson the previous
system)but hasmuchlowerimagequality. Thevisioncode
and cameracalibration are much more generalized. The
cameraadjuststo lighting changeswith auto gain control
(insteadof a pre-setvalue), which can often changecolor
andshadingeffects. Thecolor modelshave beenchoserfor

agenerakervironment,sothey aremorelik ely to be noisy.

5 Conclusionand Futur e Work

Our hypothesighatthetwo sensingnethodswvould col-
lectcomplementarandslightly overlappinginformationis
validatedby theresults.Individually, visionandaccelerom-
eterdatasetgperformedsigni cantly lesswell thanthecom-
binedfeaturevector even whentestedon the training set.
We planto furtherexplorewhatkinds of techniquesve can
usefor dealingwith noisysensingn theernvironment.

We are currently collaboratingwith Assistive Technol-
ogy researcherand membersof the Deaf communityfor
continueddesignwork. Thegestureecognitiontechnology
is only onecomponenbf a larger systemthat we hopeto
onedaybeanactivetool for the Deafcommunity Research
continueson the wearableform factor patternrecognition
techniquesanduserinterface.

We choseto use a rule—basedgrammarfor sentence
structurein thetraining andtestingprocess Speecirecog-
nition often usesstatisticalgrammarsfor increasedaccu-
ragy. Thesegrammarsarebuilt by tying togethephonemes
(the simplestunit of speechlandtraining on the transition
betweenthe phonemes. The setsare usually done with
bigrams (two phonemedied together)or trigrams (three
phonemes). Training using bigramsor trigrams requires
considerablymore data becauserepresentation®f each
transitionof eachword are now needed.In our case,the
bigramsandtrigramswould be built by tying togetherges-
tures. Our currentdatasetis too small to effectively train
usingbigramsor trigrams but we intendto continuecollect-
ing datawith thegoalof implementinghesetechniques.

Thecurrentsystemhasonly beentrainedonavery small
vocahulary. We seekto increasehe size and scopeof our
dataseto train on a larger vocalulary with more signing
examples.A largerdatasetvill alsoallow usto experiment
further on performancen differentervironments. Sucha
comparisorwill allow us to tangibly measurethe robust-
nessof the systemin changingernvironmentsand provide
trainingexamplesfor awider variety of situations.

We plan “Wizard of Oz” studiesto seekto determine
one—vay translatorphrasesetsfor constrainedsituations
similar to the postof ce ervironmentin Cox's work [5].
The phrasesetswill helpusdetermineappropriatevocatu-
lariesfor variousapplications.

Work onthesensingcomponentsf the systemwill con-
tinuethroughoutdevelopmenbf thesystem Adaptive color
modelsandimproved trackingcould boostperformanceof
thevisionsystem Wirelessaccelerometerwill make wear
ing the systemmuch more corvenient. Other sensingop-
tionswill beexplored.
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