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Abstract

Human motion recaynition has manyimportant appli-
cations,sud asimprovedhuman-computenteractionand
surveillance A big problemthat plaguesthis reseach area
is that humanmovementsan be very complex. Manging
this compleity is dif cult. We turn to AmericanSignLan-
guage (ASL) recanition to identify geneal methodsthat
reducethe compleity of humanmotionrecagnition.

In this paperwe presenta framewvork for continuous3D
ASL recanition basedon linguistic principles, especially
the phonolay of ASL.Thisframevorkis basedon parallel
HiddenMarkov Models(HMMSs), which are ableto captuie
boththesequentiabndthesimultaneousspectofthelan-
guage. Each HMM is basedon a single phonemeof ASL.
Becausehe phonemesre limited in number as opposed
to the virtually unlimitednumberof signsthat canbe com-
posedfromthem,we expectthis frameavork to scalewell to
larger applications.

We then demonstate the generl applicability of this
frameavork to other humanmotionrecaynition tasksby ex-
tendingit to gait recagnition.

1. Intr oduction

Humanmotionrecognitionis a eld with awide variety
of applications. Of particularinterestare gesturerecogni-
tion for nev modesf human-computdnteraction andgait
recognitionfor videosurweillancesystemsandintrusionde-
tection. Theseapplicationssharea commonproblem: Hu-
man movementscan be very comple, with mary actions
taking placeboth sequentiallyand simultaneously As an
exampleof sequentiaktompleity, considera gesturethat
consistof acomplec seriesof handmovements As anex-
ampleof simultaneousompleity, considera humanhand-
ing an objectover to anotherthuman,while walking at the
sametime. Likewise, whena humanperformsa comple
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gesture he could useboth handsto performtwo different
actionsatthe sametime.

Becausdherearesomary differentcombinationof se-
guentialand simultaneousiumanmaovementactions, it is
impossibleto modelthemall explicitly. We elaborateon
this problemin Sec.3.1 and Sec.3.2. For this reason,a
comprehensie framavork for humanmotion recognition
mustprovide a way to reducethe compleity of the prob-
lem. An obviousapproachs to breakdown theactionsinto
smallerprimitivesthatarepowerful enougho be combined
into arny concevableaction. Unfortunately we have little
dataon what theseprimitives are for mosthumanmotion
recognitionapplicationspecausghey arerelatively uncon-
strained.

AmericanSignLanguaggASL) recognitionyieldsvalu-
able insightsinto the problem of managingcomplexity.
Unlike most other motion recognitionapplications,ASL
recognitionis highly structuredand constrainedthanksto
the statusof ASL asalanguage.Furthermorethe linguis-
tics of ASL have beenextensvely researchede.g., [21,
13]), which helpsus identify the primitives (“phonemes”)
of ASL. For this reason,it is bene cial to researchASL
recognitionrst beforeapplyingtheresultsto otherresearch
areas.

In this paperwe describea novel and extensie frame-
work for continuousASL recognitiorbasednanextension
to hiddenMarkov models(HMMs). The main contribu-
tionsof thiswork are(1) modelingeachsignin termsof its
constituenphonemeshushandlingsequentiatomplexity;
(2) reducingsimultaneousompleity by modelingsignsin
termsof independenthannelsandrecognizingthemwith
parallel HMMs, which are essentiallyregular HMMs ap-
plied to severalchannelsimultaneouslyand(3) recogniz-
ing sighedsentence$rom full- edged 3D data,which we
collecteitherwith a magnetictrackingsystem,or with 3D
computewision methodq10, 14].



To demonstratéhatthe ASL recognitionframenork can
be generalizedwe discussits applicationto gait recogni-
tion. Although gaitand ASL aretwo very differentareas,
we showv that mary conceptsare similar. Thesesimilari-
tiesallow usto carry over the framework with virtually no
modi cations.

Therestof thepaperis organizedasfollows: We discuss
relatedwork, then provide an overview on the phonolog-
ical structureof ASL andits sequentialind simultaneous
aspectsWe thendescribehow to modeltheseaspectvith
parallelHMMs and provide experimentsto verify our ap-
proach. We then generalizethe framework to gait recog-
nition. In the concludingremarkswe discussbrie y what
theframewvork hasaccomplishe@ndprovide anoutlookfor
futurework.

2. Related Work

Much previous work hasfocusedon isolatedsign lan-
guagerecognitionwith clear pausesafter eachsign, al-
thoughthe researctocusis slowly shifting to continuous
recognition. Thesepausegnake it a mucheasierproblem
thancontinuousecognitionwithout pausedetweerthein-
dividual signs,becausexplicit sggmentationof a continu-
ousinput streaminto the individual signsis very dif cult.
For this reasonandbecausef coarticulationeffects,work
on isolatedrecognitionoften doesnot generalizesasily to
continuougrecognition.

Someisolatedwork usedneuralnetworks[4, 26]. Other
work focusedon computationallyinexpensve methodsor
usedHMMs [9, 7, 2, 6].

Most work on continuoussign languagerecognitionis
basedn HMMs, which offer theadvantageof beingableto
segmentadatastreaminto its constituensignsimplicitly . It
thusbypassethedif cult problemof segmentatiorentirely.

T. Starnerand A. Pentlanduseda view-basedapproach
with asinglecamerao extracttwo-dimensionafeaturesas
input to HMMs with a 40-word vocahulary anda strongly
constrainegentencestructure[18]. They assumedhatthe
smallestunit in sign languagds the whole sign. This as-
sumptionleadsto scalabilityproblems asvocahulariesbe-
comelarger. In [19] they appliedtheir methodgo wearable
computingby mountinga camereaon a hat.

H. HienzandcolleaguesisedHMMSs to recognizea cor-
pusof GermanSign Languagd8]. Their work wasan ex-
tensionof the work by K. Grobeland M. Assamin [7];
thatis, it usedcoloredgloves,andit was2D-based.They
alsoexperimentedvith stochastidigramlanguagemodels
to improve recognitionperformance.The resultsof using
stochastigrammardargely agreedvith ourresultsin [22].

Y. NamandK. Y. Wohn[16, 15] usedthree-dimensional
dataasinput to HMMs for continuousrecognitionof ges-
tures. They introducedthe conceptof movementprimes,
which make up sequence®f more complex movements.

The movementprime approactbearssomesuper cial sim-
ilarities to the phoneme-baseapproactin [24] andin this
paper

R. H. Liang andM. OuhyoungusedHMMs for continu-
ousrecognitionof TaiwaneseSign Languagewith avocab-
ulary between71 and250signs.[11] Unlike otherwork in
this area,they did not usethe HMMs to segmenttheinput
streamimplicitly. Insteadthey segmentecthe datastream
explicitly basedon discontinuitiesn the movements.They
integratedthe handshapeposition, orientation,and move-
mentaspectat a higherlevel thanthe HMMs.

We usedHMMs and 3D computervision methodsto
modelphonologicabspect®f ASL [22, 24] with anuncon-
strainedsentencestructure. We usedthe Movement-Hold
phonologicalmodelby S. Liddell andR. Johnsor[12] ex-
tensvely, soasto developascalabldramework. In [23, 25]
we extendedthe corventionalHMM framework to capture
the parallelaspectof ASL, which ordinarily would make
therecognitiontasktoo complex.

3. Overview of the Framework

We now discusghetwo mainaspect®f our frameawork,
which are the linguistic modelingof ASL, and the mod-
eling of the sequentialand simultaneousaspectsof ASL
with a novel HMM-basedapproach. Although taking ad-
vantageof researchinto linguistics to modelthe signsis
speci ¢ to signedlanguagesthe principal idea of break-
ing down larger unitsinto their constituentpartsappliesto
otherrecognitiontasks.Likewise,theHMM framavork can
be appliedto otherrecognitiontaskswithoutalterationsn
Sec.5 we shav by exampleof gait recognitionhow to ex-
tendour framework to otherapplications.

3.1.ASL Linguistics

ASL is the primary modeof communicatiorfor mary
deafpeoplein the USA. It is a highly in ected language;
thatis, mary signscanbe modi ed to indicatesubject,ob-
ject, and numericagreement.They canalso be modi ed
to indicate manner(fast, slow, etc.), repetition,and dura-
tion [21, 20, 13]. Like all otherlanguagesASL hasstruc-
ture,which setsit clearlyapartfrom mostotherhumanmo-
tion recognitionproblems. It allows us to testideasin a
constrainedramework rst, beforeattemptingto general-
izetheresults.

In particular managinghe compleity of largedatasets
is anareawhereASL recognitionwork canyield valuable
insights. Managingcompleity is alreadydif cult in the
constrainedeld of ASL recognition becaussignscanap-
pearin mary differentforms, both sequentiallyand simul-
taneously Other humanmotion recognitionapplications
areoftenmuchlessconstrainedhanASL, sothis problem
will only be exacerbated t is, therefore,importantto de-
velop methodsthat make the complexity of ASL, and, by



Figure 1. The sign for “father ” The white X
indicates contact between the thumb and the
forehead after each tap. The location of the
hand at the forehead and the tapping move-
ments are examples of phonemes.

extension,otherhumanmotion recognitionproblemsman-
ageable.

Thekey ideabehindmanagingcompleity is thatactions
canbebrokendown into smallersutunits,andthatary ac-
tion canbe describedn termsof thesesuhunits. In thecase
of ASL thesesulunits are calledphonemes. Formally, a
phonemses de ned to be the smallestcontrastve unit in a
languageln English,examplesof phonemesrethesounds
lcl, lal, and t/. In ASL, examplesof phonemesare the
movementof the handtowardthe chinin the signfor “FA-
THER; andthestartinglocationof the handin front of the
foreheadat the beginningof this sign (Fig. 1).

Phonemesrelimited in numbey asopposedo the vir-
tually unlimitednumberof wordsor signsthatcanbe con-
structedirom them. In English,thereareapproximately40
distinctphonemesyhereasn ASL thereareapproximately
150-200distinctphonemed For this reasontakingadvan-
tageof phonologycanmake an otherwiseintractablemod-
elingtaskfeasible.lt is practicalto provide enougttraining
datafor asmallsetof phonemesirom which everysigncan
be constructed Doing the samefor signsthatarenot mod-
eledin termsof phonemesvould becomeimpossiblewith
vocahularieslargerthana few hundredsigns.

Unlike in spolen languagelinguistics, sign language
linguists have not yet agreedon a commonphonological
modelfor ASL. Sunwying all of the differentphonological
modelsis beyond the scopeof this paper We now brie y
describehe onethatwe usein our recognitionframenork.

The Movement-Hold Model Early phonologicaimodels
of ASL assumedhatthe only contrastbetweenphonemes

1somepeoplepreferto associatéheterm@phonemefvith spolenlan-
guagesnly, andusethe termacheremefor signlanguages.We follow
the terminology of spolen languagelinguistics, becausethe underlying
conceptarethesame.

2This number applies to the the Movement-Hold phonological
model[12] describedn Section3.1. The numbersfor othermodelsvary
slightly.

in ASL wasparallel;for example the paralleloccurrencef

a handshapean orientation,anda movement[20]. These
models did not take into accountthat signs could also
be distinguishedfrom one anotherthrougha sequencef

phonemessuchas several movementsin sequence.This

shortcomingoromptedhedevelopmenbf segmentaimod-

els,which accounffor sequentiatontrast.

The Movement-Holdmodel[12] is anexampleof a sey-
mentalmodel. It consistof two majorclasse®f sggments,
which are movementsand holds. Movementsare those
segmentsduringwhich someaspecbf thesigners con g-
urationchangessuchasa changen handshapegr a hand
movementfrom onelocationto another Holds,in contrast,
arethosesggments duringwhich the handsremaintransla-
tionally stationary

Signsaremadeup of sequencesf movementsandholds.
A verycommonsequencés MMMH (threemovementdol-
lowedby ahold), suchasin thesignfor “FATHER” (Fig. 1).
This sign startsout with a movementtoward the forehead,
then away from the forehead,toward the foreheadagain,
followedby a hold touchingtheforehead Attachedto each
segmentis a bundleof articulatoryfeatureswhich primar
ily describehehandshapegrientation,andlocationof each
segment.Fig. 2 shavs aschematiexample.

For a detaileddescriptionof all the existing phonemes
in the Movement-Holdmodel,see[12]. For a detailedde-
scriptionof the phonemeghat we have usedso far in our
framework, see[24].

Simultaneous Aspects of ASL The Movement-Hold
modelis ideally suitedfor ASL recognition,becausét em-
phasizesequentiabspect®ver simultaneousspectsThis
emphasists HMMs very well, becausdhey are sequen-
tial in nature. Yet, despitethe emphasi®n sequentialitya
lot of phonemeslso occursimultaneously For example,
oftenthe handshapehangesimultaneouslwith thehand
movementin asign. Likewise, mary signsaretwo-handed,

M M M H
straight straight straight
back forward back

near touches near touches
forehead forehead forehead forehead
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. Schematic description of the sign
for “FATHER” in the Movement-Hold model.
It consists of three movements, followed by a
hold (compare Fig. 1).



M M M H
straight straight straight touches
back forward back forehead

points up

faces left]

Figure 3. The sign for “father ” where the dif-
ferent features are modeled in separate chan-
nels. Compare with Fig. 2.

andboth handsmove simultaneously A purely sequential
framawork cannotcapturethis kind of simultaneity

A look at the Movement-Holdmodelimmediatelysug-
gestsan approachto incorporatingsimultaneityinto the
framework by modelingall possiblecombinationsof seg-
mentsandfeaturebundles. This approactfails becausef
thesheemumberof possiblecombinationsf phonemesilf
we considerboth hands,andassume30 basichandshapes,
8 handorientations8 wrist orientationsand20 majorbody
locations[20, 12], the total numberof phonemecombina-
tionsis . Evenif we employ
someconstraintson the weak handfor two-handedsigns,
the numberis still approximately [25]. It would
beimpossibleto getenoughtraining datafor models.

This problemis not uniqueto signlanguageecognition.
Many other motion recognitionapplications,suchas ges-
turesandfull humanbody movement,are even worseoff,
becausehey arelessconstrainedhan ASL. For this rea-
son,adifferentapproachowardhandlingsimultaneougro-
cessess necessary

For this reason,we make a major modi cation to the
Movement-Holdmodel.Insteadof attachingthe bundlesof
articulatoryfeaturesto the movementand hold segments,
we breakthemup into channelsthatareindependentrom
oneanother Onechannelconsistsof movementsandhold
segmentsthatdescribethe type of movementandthe body
locationsof theright (“strong”) hand.Otherchannelsould
consistof thesegmentsin theleft (“weak”) hand,thehand-
shapethe handorientation,andthe wrist orientation. Fig-
ure3 shavshow thesignfor “FATHER” is representedith
this modi cation.

By modelingthe simultaneousspectof ASL asinde-
pendentthannelswe gainthe ability to modeleachchan-
nel separatelyyet combineeachchannelonthe y during
recognitionof a signedsentence.The succesof this ap-
proachdependgprimarily on how independenthe channels
arefrom oneanotherin reality. In the caseof ASL, there
is somelinguistic evidencethat the strongandweakhands
moveindependentlyrom eachother[12]. Ourexperiments

Figure 4. Movement epenthesis. The arrow in
the middle picture indicates an extra move-
ment between the signs for “FATHER” and
“READ” that is not present in their lexical
forms.

in Sec.4 suggestthat the independencassumptionis at
leastpartially valid.

Phonological Processes An applicationof ASL phonol-
ogy to ASL recognitioncannotbe completewithout taking
phonologicalprocesseito account. A phonologicalpro-
cesschangeghe appearancef an utterancehroughwell-
de ned rulesin phonology but doesnot changethe mean-
ing of the utterance Becausaghe meaningis unchangedit
is bestfor arecognizeto handlethechangesn appearance
atthephonologicalevel.

Oneof themostimportantphonologicaprocesss called
movement epenthesis[12]. It consistsof the insertion
of extra movementsbetweentwo adjacentsigns,andit is
causedby the physical characteristicof sign languages.
For example,in the sequencéFATHER READ,’ the sign
for “FATHER” is performedat the forehead andthe sign
for “READ” is performedin front of the trunk. Thus,an
extra movementfrom the foreheadto the trunk is inserted
thatdoesnot exist in eitherof the two signs'lexical forms
(Fig. 4).

Movement epenthesiscausesproblems for recogniz-
ers, becausethe extra movementdependson which two
signsappearin sequenceHence,they cannotbe modeled
as part of the lexicon. However, within the Movement-
Hold model, thesemavementsbehae exactly like other
phonemesThus,the bestwayto handleepenthesisonsists
of modelingit explicitly. As we shavedin [22], this solu-
tion outperformsall otherapproacheso handlingepenthe-
sisin termsof recognitionperformancendmodelingcom-
plexity.

We now describehow to incorporateour approachto
modelingASL into anHMM-basedrecognitionframenork.

3.2.Recognitionwith Hidden Mark ov Models
Oneof themainchallengesn ASL recognitionis to cap-
ture the variationsin the signing of even a single human.
Hidden Markov models(HMMs) are a type of statistical
model embeddedn a Bayesianframewnork and thus well
suitedfor capturingthesevariations.ln addition,their state-
basedchatureenableghemto describehow a signalchanges



overtime.
An HMM  consistsof a setof  states
. At regularly spaceddiscretetime intenals, the sys-
tem transitionsfrom state  to state  with probability
The probability of the systeminitially startingin state
is Eachstate generatesutput , which is
distributedaccordingto a probability distribution function
Outputis  Systemisin . In mostrecogni-
tion applications is amixture of Gaussiardensities.
We useoneHMM perphonemewhich arethenchained
togetherto form the signs. The individual signsin turn
arechainedtogetherinto a network. Thenthe recognition
problemis reducedo nding themostlikely statesequence
throughthenetwork thatcouldhave generatedheinputsig-
nalwith thesignsto berecognizedFromthestatesequence
the sequencef signs,and hencethe recognizedsentence,
canberecovered.
The Baum-\Weélch algorithmis usedto train HMMs on
a setof training datain polynomialtime, and the Viterbi
algorithmis usedto nd the mostlikely statesequencén
polynomialtime througha network of HMMs during the
recognitionphase For detailson thesealgorithms se€[17].

Modeling SimultaneousAspects RegularHMMs, aswe
have describedthem so far, can model the sequentialas-
pectsof the Movement-Holdmodelwell, but they arenot
suitablefor modelingthe simultaneousispectsin the past,
researcherbave suggestedising factorial hiddenMarkov

models[5] and coupledhiddenMarkov models[3]. Al-

thoughthesetwo approachesre goodat capturingsimul-
taneousgcoupledprocessesthey would still requirea pri-

ori knowledgeof all the possiblephonemecombinationsat
training time. In otherwords,they do not addresshe un-
derlying problem, which is the sheernumberof possible
phonemeombinations.

Instead,we introduceParallel HMMs (PaHMMs) as a
modi cation to the HMM frameawork that directly re ects
thedecompositiorof the simultaneousspectof ASL into
independenthannelsasdescribedn Sec.3.1. We model
eachchannelseparatelywith HMMs andtrain them sepa-
rately. At recognitiontime, PaHMMs combinethe prob-
abilities from eachchannelby multiplying them. Thatis,
PaHMMs are essentiallyregular HMMs that are usedin
parallel. We describethe detailsof this approachandthe
algorithmsfor PAHMMs in [23, 25].

Becausethe channelsare independentthe compleity
problemswith the numberof possiblephonemecombina-
tionsdisappearWith PaHMMSs we cantrain the phonemes
in eachchannekeparatelyandputtogethemew, previously
unseercombinationof phonemesnthe y . Thus,during
the training phase we needonly enoughdatafor a robust
estimateof the HMMs' parametergor eachphonemejn-
steadof all combinationof these.

4. Experiments

We ran seseral continuousecognitionexperimentswith
3D datato testthe feasibility of modelingthe movements
of theleft andtheright handswith PaHMMs. We usedtwo
channelswhich modeledthe movementsandholds of the
left and the right hands,respectiely. We did not model
handshaper hand orientation, mostly, becausetracking
handshapewith vision-basednethodss very dif cult and
requiresfurther research. Our databaseconsistedof 400
training sentencesind 99 testsentencesver a vocahulary
of 22 signs. The transcriptionsof thesesigns are listed
in [24, 25].

We collect the sentencesvith an AscensionTechnolo-
giesMotionStar" 3D trackingsystemandwith our vision-
basedtracking systemat 60 framesper second. The lat-
ter usesphysics-basethodelingto track the armsandthe
handsof the signer asdepictedin Figure5. The physics-
basedmodelsare estimatedfrom the imagesfrom a sub-
setof threeorthogonalcameras. Theseare selectedon a
perframebasisdependingon the occludingcontourof the
signerslimbs[10, 14].

Thetotal numberof uniquesegmentsvas89for theright
handand51 for the left hand,sowe traineda total of 140
HMMs. We usedan 8-dimensionafeaturevectorfor each
hand. Six featuresconsistedf 3D positionsandvelocities
relative to the baseof the signers spine. For the remain-
ing two featureswe computedhe largesttwo eigervalues
of the positions' covariancematricesover a window of 15
framescenteredn the currentframe. In normalizedform,
thesetwo eigervaluesprovide a useful characterizatiorof
the globalpropertiesof the signal[24].

In the experimentswe comparedhe recognitionaccu-
racy of modelingonly the movementsandholdsof theright
handwith regular HMMs and modeling both handswith
PaHMMs. The resultsaregivenin Table 1 and show that
one the sentencdevel, the differencein recognitionac-
curag betweenregular and parallelHMMs is signi cant.
Hence PaHMMs canmake therecognitionsystenmorero-
bust.

5. Extensionsto Gait Recognition

Most of the framework for ASL recognitionreadily car
riesoverto gait recognition.As Table2 shows, mostof the
conceptsfrom ASL recognitionhave direct equivalentsin
gaitrecognition.To testthis hypothesisye setup anexper
iment within our framawork to discriminateamongwalk-
ing on level terrain, walking upward a slope,andwalking
downwardaslope.

Thebasicunitin gaitrecognitionis the half-stepithatis,
thetime aleg takesto completeoneof the stanceor swing
phases.A stepconsistsof two half-steps. The rst half-
stepmodelstheleg duringthe stancegphaseandthesecond
one modelsthe leg during the swing phase. The type of



Figure 5. These images show the 3D tracking of the sign for “father ”

RegularHMMs
Level Accuragy Details
sentence 8081% H=80,5S=19,N =99

sign 9327%  H=294,D=3,S=15,I=3, N=312
ParallelHMMs
Level Accuray Details

sentence 8485%
sign 9423%

H=84,S=15,N=99
H=297,D=3,S=12,1=3, N=312

Table 1. Results of the recognition experi-
ments. H denotes the number of correct sen-
tences or signs, D the number of deletion er-
rors, S the number of substitution errors, |
the number of insertion errors, and N the to-
tal number of sentences or signs in the test
set.

ASL recognition| Gaitrecognition

Phoneme Half-Step
Sign Step
Epenthesis Transitionfrom walking to running

Table 2. Many concepts in ASL have equiv a-
lents in gait recognition

gait canchangeary time a half-stephasbeencompleted.
Beforedescribingthe experiment,we brie y cover how to
represengaitdata,whichis very differentfrom ASL data.

5.1.Data Representation

Elevation anglesmeasurehe orientationof a limb sey-
mentwith respecto averticalline in theworld. We de ne
thelimb sgment betweertwo points and onthebody:

. Typically and arepointsatoppositeendsof
alimb. The sagittal elevation anglesareobtainedby rst
projecting ontothesagittalplaneto form . Theangle
between andthenggativey axisis its sagittalelevation
angle, (Fig.6).

We have followedthe de nition of elevationanglesand
placemenbf markersasusedin [1], with the addition of
a heelmarker. Unlike joint anglesandabsolutecoordinate
valuesof the limbs, elevation anglesareinvariantwith re-
spectto differentsize humans.In addition,they appearto

be invariantacrossdifferenthumans,aslong asthey per

form the samekind of walking activity (e.g.,walkingona

level plain,walkingonaslope)[1]. Thispropertymakesel-

evationanglesacompellingchoicefor recognitionfeatures,
especiallyfor person-independeggit recognition.

5.2.Experiment

The task of the experimentwasto discriminateamong
walking on level terrain, walking upward on slopes,and
walking downwardon slopesaswell asto identify thetim-
ing of the half-stepscorrectly The slopeshaddifferentin-
clinationsanywherebetween8 and 15 degrees. The shape
of the terrain affects only the elevation angle of the foot,
whereaghe otheranglesappearto be unafected. For this
reasonwe usedthethreeelevationanglesof the lower leg,
theupperleg, andthe pelvisasthefeaturevector

We measuredhe elevation anglesfrom a walking sub-
ject with the help of markers,asshavn in Fig. 6. Future
work could useour framework for tracking3D body mod-
els[10, 14], instead,to measurehe elevation anglesfrom
ary perspectie. For the training setwe useda setof ten
measuremenfsom asinglepersorfor eachof level terrain,
al5degreeupwardslope,anda15degreedownwardslope.
Hence,we useda total of six HMMs — two for eachtype
of step— chainedtogetherinto a network. The sampling
ratewas60 framespersecond.

The test setcontainedthe elevation anglesof a person
walking acrossuneventerrain. The recognizemwasableto
identify all half-stepdn thetestsetcorrectly Therecogni-
tion of the timing of the stepsworked well, aslong asthe
typeof stepdid notchange At transitionsrom onetype of
stepto anotheyrtherecognizeoftenidenti ed theendof the
half stepup to sevenframestoo early or too late. Onepos-
sible explanationis thatthe elevation anglesbehave differ-
ently during a transition. In this case modelingthe transi-
tionsexplicitly with HMMs, similarto modelingmovement
epenthesif signlanguageaecognitionmightimprove the
results.

6. Conclusions

We have developeda framework for human motion
recognition.Althoughwe initially appliedit to ASL recog-
nition, we have shavn by exampleof gait recognitionthat
it canbegeneralizedo otherrecognitiontasks.This makes



Pelvis segment and y axis

Figure 6. Sagittal elevation angles. We calculate
sites indicated on the pictures.

our framework a promising contritution to the areasof
human-computeinteractionandvideosuneillancetasks.

Future work in ASL recognition should model other
channelssuchashandshapeandorientation,andincorpo-
ratefacial expressionswhich constitutea large part of the
grammarof ASL. It shouldalsoverify the framavork with
largervocahularies.However, a prerequisitéo experiment-
ing with largevocahulariesis a standardizedorpusof ASL
sentencedNo suchcorpusexistsat present.

Futurework in gait recognitionshouldmodelthe tran-
sitions betweendifferenttypesof steps,incorporatemore
differenttypesof steps(e.g.,climbing a ladderor a stair),
andmodelthe differencedetweerwalking andrunning. It
shouldalsouse3D humanbody tracking, insteadof mea-
suringthe sagittalelevation anglesfrom the side with the
helpof markers.
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