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Abstract

An approad is presentedo automaticallysegmentand label a continuous
observationsequencef hand gestuesfor a completeunsuperviseanodel
acquisition. The methodis basedon the assumptiorthat gestues can be
viewedasrepetitivesequencesf atomiccomponentssimilar to phonememn
speed, startingand endingin a restpositionand governedby a high level
structuie controlling the tempoal sequence It is shownthat the geneiat-
ing processesor the atomiccomponentgand derivedgestue modelscanbe
describedby a mixture of Gaussiann their respectivecomponenand ges-
ture space Mixture componentsnodellingatomiccomponentand gestues
respectivelyare determinedisinga standad EM approad, while the deter
minationof the numberof mixture componentgnd therefore the numberof
atomic component&nd gestuesis basedon an information criterion, the
MinimumDescriptionLength(MDL).

1 Intr oduction

Natural gesturesare expressve body motionswith underlyingspatialandin particular
temporalstructure. The temporalstructureof gesturescan be modelledas stochastic
processeainderwhich salientphasesare modelledas statesand prior knowledge on

both statedistributions and obsenation covariancess learnedfrom training examples
[3, 13, 16, 8, 17]. However, the collectionof training examplesaswell asthe determi-
nationof statesrequirestemporalsegmentationand alignmentof gestures.This taskis

ill-conditioned due to measuremenoise, non-lineartemporalscalingbasedon varia-

tionsin speedand mostnotably humanvariationin performingof gesture.As a result
the sggmentationn gesturerecognitiontypically involvesmanualinterventionandhand
labellingof imagesequences.

This papempresenta methodto automaticallysegmentandclustercontinuousobser
vation sequencesf naturalgesturedor a completeunsupervisedcquisitionof gesture
models,usingonly contetual informationderived from the obsenationsequencéself.
Ourwork is motivatedby recentwork in the eld of NaturalGestureghatidenti ed two
basicgesturetypes. Gesturedpasedon two movementphasesaway from a restposition
into gesturespaceandbackto the restposition and gesturedbasedon three movement
phasesaway from therestpositioninto gesturespacgpreparation)followedby a small
movementwith hold (stroke) andbackto the restposition(retraction)[9]. Ourapproach
malkes the assumptionthat gesturescan be viewed as a recurrentsequenceof atomic
componentssimilar to phonemesn speech startingand endingin rest positionsand



governedby a high level structurecontrolling the temporalsequenceThe extractionof
gesturegonsequentljnvolvesin a rst stepthesegmentatiorof thecompleteobsenation
sequencandthe extractionof atomiccomponentandin a secondsteptheidenti cation
of restpositionsandthe sequencef enclosedcomponentsWe show thatatomiccompo-
nentsandderivedgesture®ncenormalisedandprojectednto theirrespectre component
andgesturespaceform clusters Both distributionscanbedescribedy mixturesof Gaus-
sian, where eachmixture componentmodelsa differentatomic componentor gesture
respectiely. Consequentlythe determinatiorof atomiccomponent@ndgesturenodels
requiresthe determinatiorof an optimal numberof mixture componentsknown asthe
problemof modelorderselectionandthe estimationof the modelparameters.

Maximumlik elihoodmethodsuchask-meang6] or Expectation-Maximisatio(EM)
[5] provide effective toolsfor the determinatiorof mixture componentsHowever, there-
sultingmixturemodelsdependnthea priori knowledgeof thenumberof mixtures.The
modelordercanbe determinedusing constructve algorithmsthat employ crossvalida-
tion techniquedor modeltraining [10]. However the disadwantageof suchmethodsis
thatthey requireavalidationset,which is often not available. Alternative approacheto
determinghenumberof clustersarebasedninformationcriteria,suchasA Information
Criterion (AIC) [1], Bayesianinformation Criterion (BIC) [14] and Minimum Desctrip-
tion Length(MDL) [11]. In thefollowing sectionswe shav how MDL canbe usedto
automaticallysegmentthe componentsvithin gesturespaceinto clustershatcorrespond
to atomicgestureswithoutary a priori knowledgeon the numberof atomiccomponents
present.We extracthigh level knowledgeon gesturesbasedon the assumptiorthatges-
turescanbe describedas sequencef atomiccomponentsstartingand endingin a rest
position.Restpositionsaswell asthenumberof gestureanodelspresenin anobsenation
sequencareidenti ed usingMDL.

Therestof this paperis organisedasfollows. Section2 describeshe temporalsey-
mentationof gesturesandtheir partitioninginto atomiccomponentsSection3 describes
thecomponenspaceaepresentationSection4 shovs how to useMDL for theautomatic
clusteringof atomic componentsn componentspace. Section5 showvs how to derive
high level knowledgeon gesturemodels.Experimenton datadriven clusteringfor ges-
turemodelacquisitionaredescribedn Section6 andthe paperconcludesn Section?.

Figurel: Deictic gestures’pointing left” (top row), "pointing right” (bottomrow)

2 Temporal Segmentation

Temporakggmentatiorpartitionsacontinuousbsenationsequenceto plausibleatomic
componentsOur approachs motivatedby recentwork in the eld of NaturalGestures
[9] thathasidenti ed ve basichandgesturetypes,iconic, metaphoric.cohesve, deic-
tic andbeatgestures.All gestureshave their temporalsignaturein common. Gestures



Figure2: Metaphoricgestures’he benta tree” (top row), "there wasa big explosion” (bottom
row)

Figure3: Communicatie gestures’waving high” (top row), "waving low” (middle row) and
"pleasesit down” (bottomrow)

aretypically embeddedy the handsbeingin arestpositionandcanbe dividedinto ei-

therbi-phasicor tri-phasicgesturesBeatanddeicticgesturesareexamplesfor bi-phasic
gesturesThey have justtwo movementphasesaway from the restpositioninto gesture
spaceandbackagain,while iconic metaphoricandcohesve gestureshave three,prepa-
ration, stroke andretraction.They areexecutedby transitioningfrom a restpositioninto

gesturespacgpreparation)thisis followedby a smallmovementwith hold (stroke) anda

movementackto therestposition(retraction).Examplesareshavnin Figurel, Figure2

andFigure3.

Thecompletegesturesequencds recordedasa continuoussequencef  vertices,
containingthe and positionsof a persons moving handin animageplane. Segmen-
tation is performedin two steps. In a rst step,the completeobsenation sequencés
analysedor sgmentswherethe velocity dropsbelov a pre-sethresholdto identify rest
positionsandpausepositionsthattypically occurin bi-phasicgesturebetweertransition
into andout of gesturespaceandin tri-phasicgesturebetweerstroke andretraction. A
secondstepanalyseghe seggmentsfor discontinuitiesin orientationto recover strokes.
We adopta methodbasedn AsadaandBrady's CurvaturePrimal Sketch[2], depictedn
Figure4.

3 ComponentSpaceRepresentation
Eachatomiccomponengextractedfrom thetrajectoryof apersons moving hand,consists
of 2D vertices with eachcomponentaving a different
numberof vertices . Clusteringalgorithms,however work on -dimensionaketsof



Figure 4: Detectingdiscontinuitiesin gesturetrajectories. The orientationof a two dimen-
sionalhandtrajectory is convolutedwith the rst and secondderiative of a Gaus-
sian T atdifferenttemporalscales . The
lter responsesre analysedfor characteristianaximaand zero crossings. Only discontinuities
consistenbver alarge scaleareregisteredthustaking careof noiseon differentlevels. a) Example
trajectorycontaininga cunaturediscontinuity . b) Thetrajectoryin orientationspacerelating
the orientationof the curve to the arc length alongthe cure. c) Filter response of the
orientationof the trajectory convolutedwith the rst derwvative of a Gaussian . d) Filter
response of the orientationof thetrajectory corvolutedwith the secondderiative of
a Gaussian . As shawvn in d) cornersgive riseto a pair of peakswith a separation
andheight " .Note, islinearlydependenonthescaleconstant andmono-
tonically decreasewith , which providesa strongcluefor the detectionof corners.Exampleof a
continuouslyrecordechandtrajectory(middle). The recordedrajectoryapproximatedy a spline
andsggmentednto 701atomiccomponentgright).

input vectors . This requiresto transformthe atomic components
into a normalisedepresentatiortermed’componentpace’(Figure6). Thetransforma-
tion consistsof threesteps.First, the numberof 2D verticesis normalised.The atomic
componentare approximatedy splines,interpolatednto verticesandstoredas -
dimensionalector . Secondeachvector isconcatenated
with ascalefactor , theratioof theoriginal numberof ver
ticesminusthe minimal numberandthe maximalnumberminusthe minimal numberof
verticesto presere informationon the original length. Third, redundantdimensionsare
removedusingPrincipalComponenAnalysis(PCA). Looking atFigure6 we canseethat
atomiccomponentprojectednto componenspacegorm clusterswhich canbe approx-
imatedby a mixtureof = Gaussiande ned by mixture coefcients

and -dimensionameansandcovariances

1)

Assumingeachmixture componentcorresponddo an atomic behaviour allows us
to equatethe determinationof the mixture componentswith the determinationof the
atomiccomponentstself. Thereis a considerablemountof literatureon the estimation
of mixture parametersnd standardnaximumlik elihood methodssuchask-meansand
EM canbe usedto determinethe valuesof and  for a known modelorder

. Thereare no methodsto determinethe number  of parameterslirectly, however
iterative procedure®asedn informationcriteriacanbeusedasdescribedn Section4.
3.1 Removing Noisefrom ComponentSpace
Not all componentgrojectedinto atomiccomponenspaceare part of meaningfulges-
turesandthis reinforcesthe commoncriticism of k-meansandrelatedmaximumlik eli-
hoodmethodghatthey do notaddresshe problemof noiseandassigmall inputelements



Figure5: TheaverageEuclideandistancecalculatedor all componentso the nearestL5 neigh-
bours,approximatedy a mixture of two Gaussiar{left). The projectionof the 3 largestPrincipal
Component®f eachatomiccomponentclassi ed asfeature(light colour) or clutter (dark colour)
(right).

to one particularclass. Consequentlywe lter the distribution basedon an approach
similar to that of Bayersand Raftery[12]. We assumeéhat featuresand clutter canbe
describedy two superimposedandomprocesseandapproximatahedistribution of the
distance fromarandomlychosersampleoit's  nearesheighbourdy a mixture of
two Gaussiarde ned by modelparameters and :

2)
where and aretheaveragedistanceof a componento its nearesneigh-
bours, and thecorrespondingarianceand and themixtureprobabilities

for featureand noiserespectiely. The mixture parametersre estimatedusingan EM
algorithmandthe componentgseeFigure5) are Itered by applyingthe following pro-
cedure:

1. For randomlychosercomponents
(a) Calculatethe averageEuclideandistanceo its nearesheighbours
(b) Estimatethe modelparameters usingeM [5]

2. Classifyeachcomponengaccordingo whethertheaveragedistancaoit's  near
estneighbourdasa higherprobabilityunderthefeatureor clutter.

An examplefor this procedures shavn in Figure5 . Usingthecomponentgxtracted
from asequencegsillustratedin Figure4, we calculateheaverageEuclideardistanceor
all componentso thenearesil5 neighboursandapproximateheresultingdistribution by
amixtureof 2 Gaussiarasseenn Figure5 (left). Clutteris representetly thedistribution
with the largestvarianceand all atomic componentsvhoseaveragedistanceto it's
nearesheighbourdalls within this distributionis classi edasnoise.

4 Automatic Model Order Selection

Thedensitydistribution in componenspacecanbe describediy a mixture of Gaussian,
whereeachmixture component, , modelsa differentatomiccomponentConsequently
the determinatiorof atomiccomponentsequiresthe determinatiorof anoptimumnum-
ber of unknown clusters , known as the problemof model order selection,and the
estimationof themodelparameters  and

The problemof modelorderselectionhasbeenwidely studiedin the literature(see
[4] for areview). Heuristicmethodshave beenproposedy Akaike [1], Schwarz[14] and
Rissaneifil1], whorespectiely proposedAlC) A InformationCriterion,(BIC) Bayesian



Information Criterion and (MDL) Minimum DescriptionLength. Thesemethodsare
heuristicin the sensehatthey do not minimisean error function betweernthe estimated
andthetrue modelordet Insteadthesemethodsde ne variousinformationcriteriathat
only dependon the unknovn modelorder , which is de ned asminimising valuefor

the respectie criterion. One of the mostpopularcriteria, the information criterion of

RissanenMDL, is de ned as

- ®3)

MDL is obtainedfrom information-theoreticonsiderationsandthe modelorderis
de ned asthemodelthatminimisesthedescriptioriength,i.e. themodelthatencodeshe
vectorof obsenationsin the mostef cient way [7]. The rst term ,
the maximisedmixture likelihood of , measureshe systemsentropy and
canbe seenaccordingto Shannors Information Theoremasa measurdor the number
of bits neededo encodethe obsenations , With respecto the model
parameters  and

(4)

Theseconderm, - measuretheadditionalnumberof bitsneededo encode
themodelparameterandsenesaspenaltyfor modelsthataretoo comple<. M describes
thenumberof freeparameterandis givenfor aGaussiamixtureby
for (K-1) adjustableneightsdueto the constraint and parametersor
dimensionameansanddiagonalcovariancematrixes.

The optimal numberof clustersandthereforenumberof atomiccomponentsanbe
determinedy applyingthefollowing iterative procedure:

1. Forall K,

(a) Maximisethelikelihood usingthek-meang6] or EM [5].
(b) Calculatethevalueof MDL( ) accordingto Egn.(3) andEqn.(4)

2. Selecthemodelparameters for theminimisingvalueof MDL( ).

Figure6: TheMinimum DescriptionLengthMDL( ) calculatedor all clustercon guration
, with globalminimumdeterminedor 23 clusterg(left). Componenspacesggmentednto
23clusters:Theprojectionof the3 largestPrincipleComponentsf eachatomiccomponen(right).

An exampleis givenin Figure6. The Minimum DescriptionLengthMDL( ) is cal-
culatedfor all clustercon gurationswith clusters,extractedfrom the
obsenation sequenceshavn in Figure4 (right). A global minimum andthereforeop-
timal numberof clusterscanbe determinedor k=23 clusters,consequentisegmenting



the projectionof the atomiccomponentsn componenspaceinto 23 clustersasshavn
in Figure6 (right). The correspondingrajectorysegmentsareshownn in Figure7, small
squarestthe endof eachtrajectoryindicatethedirectionof movement.

Figure7: Theoverlaidtrajectorysegmentscorrespondindo the 23 extractedclusters.

5 Extracting High Level Knowledge

Weassumeéhatgesturegrerepetitve sequencef atomiccomponentstartingandending
in arestpositionandaregovernedby a high level structurecontrollingtheir temporalse-
guence Consequentlyhe extractionof gesturesnvolvesin a rst stepthedetermination
of restpositionsandin a secondstepthe enclosedsequencef atomiccomponents.

Figure 8: ExtractingRestPositions. Extractedareaswith little or no handmotion (left). The
distribution approximatedy a mixture of Gaussiarwith 5 mixture componentsleterminedising
MDL (middle). Probabilitiesfor therestpositionsin logarithmicdisplay(right).

Restpositionsare de ned as areaswhere the handsundego little or no motion.
We identify restpositionsby analysingthe completeobsenation sequencéor sggments
wherethe velocity dropsbelow a pre-sethresholdasshovn in Figure8(left). The corre-
sponding co-ordinatesare storedandthe resultingdistribution is approximatedy
amixture of Gaussianasshawvn in Figure8(middle). Mixture componentsareestimated
usingthe EM algorithmandthe numberof mixturesdeterminedusingthe MDL frame-
work introducedin the previous section. This is equally true for pausepositions,that



typically occurbetweertransitionsinto andout of gesturespace however handsremain
longerin restpositionsthanin a pausepositionandthis resultsin higher probabilities,
ascanbe seenin Figure 8(right). In reallife scenariosve canencountemultiple rest
positionsandpeoplecanchangén betweerthem. For simplicity we assumehereis only
onerestpositionandconsequentlgelectthe clusterwith the highestprobability.

Figure9: Atomic ComponentsThe meantrajectoriescorrespondingo the 23 extractedclusters,
labelledaccordingto whetherthey startor endin arestposition.

In a secondstepatomiccomponentsvereidenti ed that startor stopin arestposi-
tion. The meantrajectoryfor all componentd®elongingto a particularclassis computed
and a componentde ned to startor stopin a restpositionin casethe rst or
last co-ordinatetuple is within 3 standarddeviations from the rest positions
meanposition. The meantrajectoriesareshovn in Figure9. The completeobsenation
sequencés thenanalysedor componentshatstartandstopin arestpositionandthecor
respondingcomponentdenti er of the enclosedsequencef atomiccomponentstored.
Sequencesontainingcomponentshatwerepreviously classi edasclutterarediscarded.
Thederivedgesturemodelsandthe atomiccomponentshey consistof areshowvn in Fig-
ure10. Thelabelsnext to eachatomiccomponentndicatethe correspondingomponent
identi er, labelsat the bottom left indicatethe gesturemodelidenti er whereadabels
atthetop left indicatethe numberof extractedsequencesorrespondingo eachgesture
model.

5.1 Determining the Number of Gesture Models

Looking at componentg6,23],[7,8,12],P,18],[10,16] in Figure 9 we canseea general
tendeng of MDL to overestimatehe total numberof atomiccomponentsThis resultsin
identicalgesturedeingdescribedy multiple modelscontainingdifferent,however simi-
lar atomiccomponentascanbeseenin Figure10for models[2,7,11,12,13][3,9] ,[4,5].
To reducethenumberof modelswe take thecompleteobsenationsequence;oncatenate
consecutre trajectorysegmentscorrespondingo the extractedgesturemodels,approxi-



Figure 10: The 13 extractedgesturemodelsdepictedby their atomic components.The small
numbersn thelower left indicatethemodelidenti er andthenumbersn theupperleft indicatethe
numberof timeseachparticularsequencéasbeenseen.

matethe concatenatedomponentsvith splinesandinterpolatetheminto  -dimensional
vectors . The correspondingyesturemodelidenti ers are
storedandtheresultingdistribution is approximatedy a mixture of GaussianClusters
are extractedusing k-meansand their numberdeterminedusing the alreadyintroduced
MDL. Modelscorrespondindo the modelidenti er in eachof the extractedclusterare
groupedtogetherto one model, thus reducingthe total numberof models,as seenin

Figurell.

Figure 11: Reducingthe numberof gestures.All trajectorysegmentscorrespondingo the ex-
tractedgesturemodelsprojectednto gesturespaceandre-clusteredisingk-meansgroupingmod-
els[4,5] and[2,7,11,12,13}ogether

6 Experiments

To evaluateour approachwe recordeda participantperforming7 gesturesTherecord-
ing includeddeictic gesturessuchas”pointing left” and”pointing right” , metaphoric
gesturesuchas”he benta tree” and”there wasa big explosion” and communicatie
gesturessuch”waving high” , "waving low” and”please sit down” . Examplesare
shawvn in Figurel, Figure2 andFigure3.



A time limit of 15 minuteswas setand eachgesturewas approximatelyperformed
30timesin arbitraryorder Gesturesvererecordedwith 15 framesper secondandthe

positionsof the participantshandsandthe headextractedusinga tracker developed
by SherralandGong[15]. The2-dimensionabbsenationtrajectorycontainingthe[ , ]
positionof the participants right handwas approximatedy a splineandautomatically
partitionedinto 701 atomiccomponentasshavn in Figure4. All atomiccomponents
weretransformednto a componenspace Eachcomponentvasinterpolatednto
vertices,storedas41-dimensionavector(20  verticesplus scalefactor)andreduced
to 5 dimensionausing PCA, still containing95% of the original information. The aver-
ageEuclideandistancegor eachcomponento its nearestl5 componentsvascalculated.
The resultingdistribution was approximatecby a mixture of two Gaussiaras seenin
Figure5 andall componentsvith higherprobability underclutterthanfeatureremoved,
thusreducingthenumberof componentdy 118to 583. Theremainingcomponentsvere
approximatedy a mixture of Gaussiarwith mixture componentsgeter
minedusinga k-meansclusteringalgorithm. The Minimum DescriptionLengthMDL( )
wascalculatedor eachcon guration anda global minimumwasdeterminedor
mixturesasshown in Figure6 (left). Figure6 (right) shavs the projectionof the largest3
principalcomponent®f eachatomiccomponensggmentednto 23 clustersandFigure7
shaws the correspondindrajectorysegments. The small numbersnext to eachdiagram
indicatethe mixture identi er with the small squaresat the endof eachtrajectory indi-
catingthe direction of movement. Looking at component$6,23], [7,8,12],[9,18], and
[10,16] we can seea generaltendeng of MDL to overestimatehe numberof atomic
componentsThey aresimilar however weresplit into differentcomponents.

Figure 8 shaws the extractedrest and pausepositions. The completeobsenation
sequenceavas analysedfor sequencesvherethe velocity droppedbelov 1/20th of the
maximalvelocity. Thecorresponding co-ordinatesvereextractedandtheresulting
distribution approximatedy a mixture of GaussianFive mixture componentsverede-
terminedusingMDL andthe mixturewith the highestprobabilitychoserasrestposition.
Figure9 shavs the meantrajectoriescorrespondingo eachextractedatomiccomponent.
The small numbersn the lower left indicatethe componenidenti er andtheletter'S'
or 'E' indicatewhethera componenstartsor endsin arestposition. The extractedges-
ture modelscanbe seenin Figure10. The smallnumbersn the lower left indicatethe
modelidenti er, the numbersn the upperleft indicatethe numberof timeseachpartic-
ular sequencéasbeenseenandthe numbernext to eachof the trajectorysegmentsthe
atomiccomponentdenti ers. A total of 13 gesturanodelswereextractedcorresponding
to the 7 gesturesiueto a tendeng of MDL to overestimatehe numberof atomiccom-
ponentswhich canbe seenin models[2,7,11,12,13]]3,9] and[4,5]. They areidentical
however consistof differentatomic components.For example,gesture[2] consistsof
component$6] and[8], while gesturg11] consistof component$23] and[7] similarly
gesturd3] and[9] consistof component$20,13,19]andcomponent$5,19] respectiely.
Someof the componentsre sharedby two or more gestures. The atomic component
[22] is sharedby the metaphoricgestured4,5] "he benta tre¢’ andthe communicatie
gesturd10] "wavinghigh” or componenf19], is sharechetweerthecommunicatieges-
tures[3,9] "pleasesit dowr’’ andthe metaphoriogestureg4,5] "he benta tre€’ and[6]
"there wasa big explosiorf, thusdemonstratinghe functionality of atomiccomponents
ashuilding blocksof gestures.

To reducethe nal numberof gesturesall trajectorysegmentsbelongingto eachof



the 13 extractedgesturenodelswereconcatenatedndnormalisednto a 40 dimensional
vector The correspondingnodelidenti ers were storedand the resulting distribution
wasapproximatedy amixture of GaussianEight mixturecomponentsveredetermined
usingMDL, groupinggesturemodels[2,7,11,12,13nd[4,5] togetherascanbe seenin
Figure 11. Thusreducingthe total amountof gesturego 8, containingthe models[1],
[2,7,11,12,13][3], [4,5], [6], [8], [9] and[10].

7 Summary and Conclusions

We presentec systemati@pproactto automaticallysggmentandlabela continuousob-
senation sequenc®f handgesturegor a completeunsupervisednodelacquisition.We
assumedhatgesturesanbe viewed asa repetitve sequencef atomiccomponentshat
canbe modelledby a mixture of Gaussiarin a componenspace.Mixture components
weredeterminedusingk-meansclusteringandthe numberof componentsvasautomat-
ically determinedusingthe MDL criterion. Experimentswere performedon a training
sequenceontaining? differentgesturesA rst low level analysisslightly overestimated
thenumberof modelsandextractedl3 partlyidenticalgesturesiueto atendeng of MDL
to overestimatéhe numberof atomiccomponentsln asecondstep,we analysedheges-
turesonahighlevel andwereableto reduceghenumberof modelsto 8. Visualinspection
shavsthatthe extractedgesturesnodelall 7 original gestures.
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