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Abstract

In this papemwe presenaframavork for recognizingAmericanSignLanguage
(ASL). Themainchallengesn developingscalablerecognitionsystemsareto de-
vise the basichbuilding blocks from which to build up the signs,andto handle
simultaneougvents,suchassignswhereboththe handmovesandthe handshape
changes.The latter challengeis particularlythorry, because naive approacho
handlingthemcanquickly resultin acombinatorialexplosion.

We loosely follow the Movement-Holdmodelto devise a breakdavn of the
signsinto their constituentphonemeswhich provide the fundamentabuilding
blocks. We alsoshav how to integratethe handshapénto this breakdevn, and
discusswhathandshapeepresentatioworksbest.To handlesimultaneousvents,
we split up the signsinto a numberof channelsthat are independenfrom one
another We validateour framework in experimentswith a 22-signvocalulary and
up to threechannels.

1 Intr oduction

Sign languagesre the primary mode of communicatiorfor mary deaf people,just
asspeechis for hearingpeople. The rate of progresdan the speechrecognition eld
hasbeenimpressve in the pastdecadewith somesystemsiow becomingborderline
mainstreamAt this moment,the predominantvay to interactwith a computeris still
the keyboardand mouse,but as speechrecognitionbecomesamnore establishedthe
situationmay change.

Sucha changewould posemajor challengedo signlanguagausersunlesswe can
alsoadvancethe eld of signlanguageecognition.Sadly thecurrentstateof theartin
signlanguageaecognitionresearchs still laggingfar behindspeechrecognition.One
major reasonfor this disparityis that sign languagerecognitionis much harderthan
speectrecognition.Thereasorwhy it is hardercanbe expresseduccinctlyin justtwo



words: simultaneousgvents. In speechwe can— on an abstractevel — represent
every word asa sequencef sounds.In contrasta majorelementof signlanguagess
thatseveralthingshapperat the sametime. For instancemary signsuseboth hands,
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 computationalcompleity of the task would be
prohibitive,aswe would quickly runinto a combinatoriakxplosion.

To complicatemattersfurther, signlanguagesrehighly in ected; thatis, the ap-
pearancef a sign canchangeaccordingto the subjectandthe objectof the sentence.
In addition,thereareotherprocessebesiden ection thatcontributeto alargenumber
of differentappearancesuchaschangingthe handshapeependingon what type of
objectis underconsideratiorf15]. Thebottomline is thattherearetoo mary appear
ancesto modelthemall explicitly, soit is necessaryo castfor more basicbuilding
blocks,from which we canbuild all theseappearanceslustlike in spolenlanguages,
phonemesake on therole of thesebasicbuilding blocks. However, it is far from clear
how exactly to breakdown asigninto its constituenphonemesfor two reasonsFirst,
linguisticresearclinto the phonologyof signedlanguagess still in its infangy, overall.
Second,t hasnot beenclearly established/et what the computationarequirements
of recognitionsystemsare, so a breakdevn of signsinto phonemesnustsomehav
balancdinguistic andengineeringequirements.

In this paperwe presenta hidden Markov model (HMM)-basedframework for
AmericanSign LanguaggASL) recognitionthataddressethesetwo challengesWe
looselyfollow the Movement-Holdphonologicalmodel[8] to devise a representation
of signssuitablefor a recognitionsystem. In contrastto earlierwork basedon this
model[17, 18] we how integratethehandshapeswell. We thenextendthisrepresen-
tationto multiple channelswhich capturethe simultaneougventsin ASL, onein each
channel Thekey ideato makingthisapproactwork is thatwe assumehatthechannels
areindependenfrom oneanother As a consequenceaye canrecognizethe channels
independentljrom oneanotherandputtogethercombinationof simultaneousvents
onthe y , whichgreatlyreduceghe computationatomplexity of therecognitiontask.
Althoughthisassumptioris unlikely to hold from atheoreticaktandpointthe practical
experimentakesultsjustify it asareasonablengineeringradeof.

The rest of this paperis organizedas follows: We brie y discussrelatedwork,
andthen continuewith the mainstayof this paper: how to model ASL in a manner
thatmakesit computationallytractablefor recognitionsystemsincludinghow to rep-
resentthe handshapeAfterward, we brie y discussHMMs andhow they t into the
recognitionframenork, andconcludewith experimentghatvalidateour assumptions.

2 RelatedWork

Thisdiscussiorof relatedwork focuseson previouswork in signlanguageecognition.
For coverageof gesturerecognition thesurwey in [9] is anexcellentstartingpoint.

C. Wang,W. Gao,andJ. Ma describeda large-scaleHMM-basedisolatedrecog-
nition systemfor ChineseSign Languagewith a very impressie vocahulary size of
morethan5000signs[19]. They usedsometricks from speeclrecognition,suchas



clusteringGaussiarprobabilities,and fastmatching,to achieve real-timerecognition
andrecognitionratesof 95%.

Mostwork on continuoussignlanguageaecognitionis basecbn HMMs. T. Starner
andA. Pentlanduseda view-basedapproacho ASL recognitionwith a singlecamera
to extracttwo-dimensionafeaturesasinputto HMMs with a 40-word vocalulary and
astronglyconstrainedentencetructurg13]. G. Fangandcolleagueproposednap-
proachto signerindependentontinuougrecognitionof ChineseSignLanguagebased
onanintegrationof simplerecurrentnetworks (SRNs)andHMMs [5]. They usedthe
SRNsto sggmentthe continuoussentencemto individual signs.Therecognitionrates
were92%over atestdatasetof 100sentencewith a 208-signvocatulary.

H. Hienz andcolleaguesisedHMMs to recognizea corpusof GermanSign Lan-
guag€g6]. They alsoexperimentedvith stochastibigramlanguaganodelsto improve
recognitionperformanceTheresultsof usingstochastigrammardargely agreedvith
the resultsin [16]. B. BauerandK.-F. Kraiss from the samegroup later extended
the framawork to breakdown the signsinto smallerunits. Theseunits were unlike
phonemeshowever, becausehey weredeterminedccomputationallyia clustering,in-
steadof beingdeterminedinguistically. For thisbreakdevn they achievedanaccurag
of 92.5%in isolatedsignlanguageaecognitionexperimentg2, 3].

R. H. Liang and M. OuhyoungusedHMMSs for continuousrecognitionof Tai-
waneseSign Languagewith a vocahulary between71 and 250 signs[7], which they
extractedfrom a Cybegglovein conjunctionwith a magnetic3D tracker. They worked
with Stokoe's system[14] to detectthe handshapeposition, and orientationaspects
of therunningsigns. They integratedthe handshapeposition,orientation,andmove-
mentaspectghroughstochastigparsingand a dynamicprogrammingalgorithmat a
higherlevel thanthe HMMs. The mainassumptiorof theirwork is thatthesigncanbe
representedsa seriesof postures.

Thework describedn this papetlis anextensionof thework donein [17, 18]. In this
earlierwork we proposedanapproactto breakingdown the signsinto phonemesand
devisedaframework for recognizingsimultaneousispect®f ASL. However, thiswork
wasrestrictedto the movementof the handsandignoredhandshapen this paperwe
validatethe framawork further by integratingthe handshapénto the frameawork, and
extendour phoneme-basetiodelingapproacho ASL to coverthehandshapegswell.

3 Modeling ASL

A large partof the dif culty in devisinganASL recognitionsystemis the questionof
how to representhe language.To keepthe compleity of the recognitiontasksmall
andto ensurethat the systemis scalable,we needto keepthe numberof building
blocksthat constitutethe signssmall. Likewise, we needto ensurethat we cancap-
ture the simultaneougvents,which happenall the time in signedlanguagessuchas
two-handedsigns,andhandshapehangesluringhandmovements.Doing sowithout
gettingboggeddown in acombinatoriakexplosionof sucheventsis nontrivial.

In the following we addresshow to breakdown signsinto their constituentpho-
nemes,with the ideathat the numberof phonemesn a languageis small. Hence,
we canusethe phonemessthe basicbuilding blocksfor a recognitionsystem. We



(a) MOTHER (b) FATHER

Figurel: Contrastetweersignsthatidenti es locationasaphonemeén ASL. (a) and
(b) differ only in location.

discusghis breakdavn for boththe handmovementsandthe handshapeln addition,
we discusshow to capturesimultaneougventsin acomputationallytractablemanner

3.1 Phoneme-Based/iodeling

A phonemeis de ned to be the smallestcontrastve unit in a languag€g15]; thatis,
the smallestunit that candistinguishmorphemegunits of meaning)from another In
English,the soundgk/, /ee/,and/t/ (andtheir equivalentsin regional dialects)areex-
amplesof phonemesascaneasilybe seerby comparinghewords*“cat” - “hat,” “bat”

- “bet,” and“bet” - “bed” In ASL, the equivalentsof phonemesn spolenlanguages
arethevarioushandshapesgcations,orientationsandmovements.

As anexample considethelocationof thehandatthechinin thesignfor MOTHER.
Theargumentghatthis unit is anexampleof an ASL phonemes analogougo the ar-
gumentsfor English: Figure 1 shows that the signsfor MOTHER - FATHER differ
only in location(front of thechinvs. front of theforehead).

Justlike in spolenlanguagesthe numberof phonemeg ASLis limited andsmall
comparedo the numberof signs. The exact numberis still a matterof debateand
dependgyreatly on the phonologicalmodelused. Stokoe's system[14], for instance,
identi es 55 units,whereaghe Movement-Holdnodelidenti es morethan100[8].

In this work, we follow the basicideasof the Movement-Holdmodel[8]. It is an
exampleof a sgmentalmodel,in which eachsignis brokendown into a seriesof seg-
ments.Thetwo majorsegmentsin this modelare movementsandholds. Movements
are de ned asthosesggmentsduring which someaspectof the sign's con guration
changessuchasa changein handshapea handmovement,or a changein handori-
entation. Holds are de ned asthosesggmentsduring which all aspectf the sign's
con gurationremainunchangedthatis, the handsremainstationaryfor a brief period
of time.

Signsaremadeup of sequencesf movementsand holds. For example,the sign
for MOTHER consistsof threemovementdollowed by a hold (Figure 2 on the next
page).Movementsegmentshave featureghatdescribehetype of movement(straight,



M M M H
straight straight straight
back forward back

near touches near touches
chin chin chin chin
5-hand 5-hand 5-hand 5-hand
points up points up points up points up
faces left faces left faces left faces left

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

Figure 3: The sign for INFORMATION demonstratetiow several featuresin ASL
changesimultaneouslyBoth handsmove, startingat differentbodylocations. Simul-
taneouslythehandshapeshangdroma at, closechandto acuppedpenhandduring
thesign.

round, sharplyangled),aswell asthe planeandintensity of movement. In addition,
attachedo eachseggmentis a bundle of articulatory featuresthatdescribethe hand
con guration, orientation,andlocation. Furtherdetailson this modelandhow to map
it to HMMs for signlanguageecognitioncanbefoundin [17, 18§].

Thereareothersggmentalmodels,suchasD. Brentari's syllable-basednodel[4],
andfurtherwork basedon the Movement-Holdmodel[10]. Thesemodelsdiffer pri-
marily in whatexactly constitutes segment but all shareacommonsetof assumptions
aboutthe sgmentalstructureof signs.Whetherthe Movement-Holdmodelis truly the
bestchoiceamongthe sggmentalmodelsfor ASL recognitionsystemss anopenques-
tion thatshouldberesohedin futureresearch.

3.2 IndependentChannels

The representationf the signin Figure 2 hasa seriousproblemthat malkesit inade-
quatefor adirectapplicationto recognitionsystemslt occurswhenwe wantto model
andrecognizethe simultaneousispect®f ASL. In particulay the handshapandhand
orientationcanchangewhile the handmaoves.In addition,somesignsaretwo-handed,
so both handsmustbe modeled. Figure 3 shovs an exampleof a two-handedsign,
duringwhich alsomultiple aspect®f the signchangeat the sametime.



The problemis the sheernumberof possiblecombinationsof simultaneoudea-
tures. Unlike speechwhere phonemesoccuronly in sequencein ASL phonemes
occurbothin sequencandin parallel.

To getanideaof the magnitudeof the problemthatrecognitionsystemdacehere,
it is illuminating to considerthe completelynaive approachrst: what aboutsimply
tossingall possiblecombinationof featuregsogetherwithoutregardfor linguisticcon-
straintsandinterdependenciesetweerfeatures?Thenthe recognitionsystemwould
have to look at all possiblecombinationsof handshaped)andorientationswrist ori-
entationsandlocationsand movementtypesof the left andright hands respectiely.
This approacHeadsto a combinatoriakexplosion,ascaneasilybe seerby multiplying
all the numbersof possiblerespectie featurestogether If, for example,we assume
thatthereare40 distincthandshapes distincthandorientations8 wrist orientations,
and 20 major body locations,thenthe numberof possiblefeaturecombinationsfor
boththeleft handandtheright hand,would be , whichis morethan
onebillion.

Thecombinatoriakxplosionstemmingrom thenaive approachhighlighttheenor
mouscompleity of modelingthe simultaneousaspectsof ASL. Modeling all these
combinationsa priori is infeasiblebothfrom a modelinganda computationapoint of
view. Fromthe modelingpoint of view, it would beimpossibleto collectenoughdata
for all thesecombinationsn areasonabléme frame.Fromthe computationapoint of
view, attemptingo identify the correctmodelsandto matchthemagainsthe sequence
of signsto berecognizedvould take fartoo longto be of practicaluse.

Of course,it would be ludicrousto assumethat ASL really exhibits that mary
combinationsasis evident from the mary linguistic constraintssuchas handshape
constraintd1], and dependenciebetweerhandshapehandorientation,andlocation
(e.g.,signsthattoucha part of the signers body with the thumbor a speci c nger
have only a few orientationsthat are even physically possible). Unfortunately the
currentstateof the artin signlanguagdinguisticsandrecognitionmakesattemptsat
enumeratingll thevalid combinationsnfeasible.

To make modelingthe simultaneousaspectof ASL tractable,it is necessaryo
decouplethe simultaneousventsfrom one another Insteadof attachingbundlesof
articulatoryfeaturesto the segments we breakup the featuresinto channelsthatcan
be viewed as being independent from one another For the purposesof the work
presentedh this paperthesechannelsare,onefor eachhand:

movementchannel the channelconsistingof the body locationsandthe movements
betweerthebodylocations

handshapechannel the channekonsistingof the handshape

Notethatfuturework on ASL recognitionwould alsohave to tacklethe handorienta-
tion andfacialexpressionspossiblyin additionalchannelsTheseopics,however, are
beyondthe scopeof this paper

Figure4 on thefollowing pageshavs how the signfor INFORMATION is repre-
sentedwith theindependenthanneimodelingapproach Note how eachchannelstill
containsmovementsand holds, with the sameunderlyingideaasbefore: in a move-



H M H
° movement at straight near
% cheek forward cheek
I
= H M H
©  handshape flat closed cupped
o closed > open| open

H M H
° movement at straight near
% shoulder forward shoulde
I
= H M H
ﬂ,” handshape flat closed cupped

closed > open open

Figure4: The signfor INFORMATION, wherethe differentfeaturesare modeledin
separatehannelsNote how severalchannelchangesimultaneouslySeeFigure3 on
page5 for apictureof this sign.

mentsegmentthereis atransitionfrom onecon gurationto anotheronein thechannel,
whereasn ahold segmentthe con gurationremainsstatic.

Splitting the featurebundlesup into independenthannelsmmediatelyyields a
major reductionin the compleity of the modelingtask. It is no longernecessaryo
considerall possiblecombinationsof phonemesandhow they caninteract. Instead,
it is enoughto modelthe phonemesn a single channelat a time, andjust to look at
thephonologicabndphoneticphenomenin eachchannekeparatelyln eachchannel,
the phonemeganbe representedy only a small numberof differentHMMs, which
all belongto the sameaspectof the sign's con guration, suchasthe handshapeor
handmovement. Combinationsof phonemedrom differentchannelsare easyto put
togetheron the y at recognitiontime, particularly in conjunctionwith the parallel
hiddenMarkov modelrecognitionframeavork thatwe brie y describen Section4.

The downsideof usingindependenthannelss that they entail makinga major
assumptiormboutthe structureof thesimultaneouprocessem ASL, whichin all like-
lihoodis notvalid. In essencehesendependenthannelsareacaseof anengineering
tradeof, soasto make the recognitionproblemtractable versustheoreticallycorrect
modelingof ASL. Yet,theexperimentsn Section5.2shav thatmodelingASL in terms
of independenthannelgjieldstangiblebene tsto signlanguageecognizers.

We now brie y discusshow to modelthe handshapé this frameawork.

3.3 HandshapeModeling

Most approache# the pastusedjoint andabductionanglesasfeaturesfor the hand,
wheneer thesehad beenavailable, suchas[7]. Theseare very low-level features,
however. The experimentakesultsshavn in Section5.1 indicatethatthesearenot the
bestchoicefor recognizinghe handshape.

Therefore,it makessenseto usea more high-level descriptionof the handshape.
For signlanguagesin line with Sandlers phonologicalmodelof the handshap§l2],
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up

Figure5: Measureof the opennessf a nger. It dependn the width andheightof
thequadrilaterablescribedy the sitesonthethree nger joints andthe ngertip.

a representationf the degreeof opennes®f a nger seemsparticularly useful. For

obtaining such a representationconsiderthe relationshipamongthe ngertip, the
metacarpophalangepint (MPJ,the nger joint closestto the palm), andthe degree
of opennessif a nger is fully extended— thatis, fully open—, thedistancebetween
the ngertip andthe MPJis maximized. Likewise, if the nger is fully bent— that
is, fully closed—, the distancebetweenthesetwo pointsis minimized. For obtaining
yet anothermeasureof the opennessconsiderconnectingthe ngertip andthe three
nger joint anglesnto a quadrilateralasshavn in Figure5, wherethe baseis theline

betweenthe ngertip andthe MPJ. The heightof the quadrilateral.expressedasthe
distancebetweerthe proximalinterphalangegbint (P1J,thejoint closesto the MPJ)

andthebasedline, is maximizedwhenthe nger is fully closed.Lik ewise,theheightis

minimizedwhenthe nger is fully open.

Therefore thesetwo measures— thewidth andthe heightof the quadrilaterate-
scribedby a nger — areadirectexpressiorof a nger' sopennessiotethatthe MPJ
angleonly rotatesthis quadrilateralput doesnot affect its dimensionsThus,whether
a nger is openor closedis largely independenof the MPJ angle. Hence,the MPJ
angleshouldbe partof thefeaturevectorin additionto thewidth andheightmeasure-
ments. Togetherwith the abductionangles(the anglesmeasuringhe spreadbetween
adjacentngers), thesefeaturesall togetherconstitutea somavhathigherlevel repre-
sentatiorof the handthantheraw joint angles.The experimentsn Section5.1 justify
thisrepresentation.

4 Hidden Mark ov Models

Oneof themainchallengesn ASL recognitionis to capturghevariationsn thesigning
of evenasinglehuman.In generalhumanaever performexactly the samemovement
twice, evenif they intendto. Therearealwaysslight variationsfrom onemovemento
the next one,soarecognitionframeavork mustbe ableto accountfor them. The most
commonapproachtoward handlingsuchvariationsis to usesomekind of statistical
model. HiddenMarkov models(HMMs) areatype of statisticaimodelwell suitedfor
capturingvariations.In addition,their state-basedatureenableghemto describehow



asignalchange®vertime, whichis idealfor actiity recognition.

HMMs have beenusedextensiely in gestureand sign languagerecognitionin
the past,bothfor whole-signmodeling(oneHMM persign[13]) andphoneme-based
modeling(oneHMM perphonemd17]). ThephonemeHdMMs arechainedogethetto
form asingleHMM for a sign,andthesejn turn, arechainedtogetherinto a network.
Therecognitionalgorithm nds themostprobablepaththroughthenetwork andrecov-
ersthe signsthatthe pathpasseshrough.The parametersf the HMMs areestimated
onatrainingdataset,asdescribedn [11].

To handleindependenthannelswe useparallelHMMs (PaHMMs) asan exten-
sionto corventionalHMMs. Insteadof usingonly onesinglenetwork, PaHMMs use
a network of HMMs per channel. The recognitionalgorithm searchesll networks
in paralleland combinesthe path probabilitiesfrom eachpath by multiplying them.
This multiplication is possible,becausan Section3.2 we assumehat the channels
are independenfrom one anothey and hencethe HMM networks are stochastically
independentrom oneanother

Thedetailsof mappingphonemeso HMMs aredescribedn [17], andtherecogni-
tion algorithmfor PaHMMs with multiple channelss coveredextensiely in [18]. We
now describetherecognitionexperimentshatvalidateour approach.

5 Experiments

We rantwo typesof experiments.The rst onewasdesignedo validateour choiceof
handshapéeaturesandthe secondonewasdesignedo validatethe modelingof the
independenthannels.

The datasetconsistecbf 499 sentenceshetween? and7 signslong, anda total
of 1604 signsfrom a 22-signvocahulary, the detailsof which canbe foundin [17].
We collectedthesedatawith an AscensionTechnologiesViotionStar™ systemat 60
framesper second.In addition,we collecteddatafrom the right handwith a Virtual
TechnologieCybeglove™, which recordswrist yaw, pitch, andthe joint andabduc-
tion anglesof the ngers, alsoat 60 framesper second.We split the datasetinto 400
training sentencesnd 99 testsentencesNo part of the testingdatasetwas usedfor
trainingtheHMMSs atary time,andcorverselyno partof thetrainingdatasetwasused
for therecognitionexperiments.

We now discussandgive theresultsfor thetwo typesof experiments.

5.1 HandshapeExperiments

To determingherelative meritsof usingjoint anglesandmeasuresf nger openness,
we ran continuousrecognitionexperimentson only the handshapehannel. These
experimentsweredesignedo comparehe robustnes®f usingraw joint anglesversus
therobustnes®f the quadrilateral-basekpresentatiofrom Section3.3.

For eachfeaturevector, the experimentsvariedthe numberof HMM statesandpa-
rametersBecausenary signssharethe samehandshapet is impossibleto identify a
signuniquelyfrom the handshapealone. For this reasonthe evaluationcriterionwas



Featurevector Median Best N
jointangles 8315% 1544% 8266% 9868% 1912
quadrilateral 9521% 5.37% 9683% 9947% 1956

Table1: Resultsof continuoushandshapéeaturevectorcomparisons. , , Median,
Best,and N correspondo the averagehandshapeccurag, standarddeviation, best
caseandnumberof experimentsrespectiely.

the percentagef correctlyrecognizechandshapesatherthanthe percentagef cor-
rectly recognizedsigns. In addition,whenerer the samehandshapeccurredmultiple
timesin arow, we contractedheseoccurrenceito a singlehandshapeTheresults,
givenin Tablel, shav clearlythatthe quadrilateral-basedescriptionof thehandshape
is far morerobustthantheraw joint angles.

5.2 Recognitionof IndependentChannels

We ran four experimentson the 22-signsetto evaluatethe recognitionaccurag of

modelingvaryingnumberf channelsThe rst experimenwasabaselineexperiment
with corventionalHMMs for just the right hands movementchannel,from earlier
work [17]. The secondexperimentusedPaHMMSs to capturethe movementchannels
of both hands. The third experimentusedPaHMMs to capturethe movementand
handshapehannel®f theright hand.Thefourth experimentusedPaHMMs to capture
all threechannels.

Theresultsaregivenin Table2 onthenext page.Of particularnoteis thatusingall
threechannelsshavs no improvementover just usingthe movementsand handshape
from theright hand.We think thatthe reasoris therelatively smallsizeof the dataset
thatwe used.Clearly, futurework needgo validateourapproachwith muchlargerdata
sets.Yet, overalltheresultsarepromisingandvalidatethe assumptiorthatin practice
channelganbe modeledndependentlfrom oneanother

6 Conclusionsand Outlook

We have developeda framework for ASL recognitionthatis basedon breakingdown
the signsinto their constituentphonemesand on modeling simultaneouseventsin
stochasticallyndependenthannelsin addition,we haveintegratedthehandshapato
theframework, in anextensionover previouswork. We have validatedour approachn
experimentswith up to threechannelsvith a 22-signvocahulary.

Thenext stepis to validatetheframeavork with largerdatasets.lt is imperatiethat
the datasetcomesfrom native signersin the future, becauseheir articulationof the
signsshaws characteristicshat nonnatie signerssimply do not exhibit. In addition,
futurework needdgo integratefacial expressionsnto the framavork, andmodelsome
of the grammaticalprocessesn sign languagessuchasthe useof spaceto denote
referents.

10



T f . t Sentence Word Detail
ype of experimen accuray accuray etails

baseline:

movementchannel 8081% 9327% H=294, D=3, S=15,
right hand,HMM =3, N=312
movementchannel o o _ _ _
both hands PaHMM 8485% 9455% :1—22%7:,31[;—3, S=12,
movementchannel

right hand hand- 8889%  9615%  H=302,D=2,S=8,I=2,
shapeaight hand, N=312

PaHMM

all threechannels,

0, 0, = = =
PaHMM 8788% 9551% H=301, D=1, S=10,

=3, N=312

Table2: Comparisorof corventionaHMMs andPaHMMs. The corventionalHMMs

modeledthe stronghands movementchannelwhereagshe PaHMMs modeleda com-
binationof multiple channels.H denoteghe numberof correctsigns,D the number
of deletionerrors,S the numberof substitutionerrors,| the numberof insertionerrors,
andN thetotal numberof signsin thetestset.
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