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Abstract

An approach is presentedto automaticallysegmentand label a continuous
observationsequenceof handgesturesfor a completeunsupervisedmodel
acquisition. The methodis basedon the assumptionthat gestures can be
viewedasrepetitivesequencesof atomiccomponents,similar to phonemesin
speech, startingand endingin a restpositionandgovernedby a high level
structure controlling the temporal sequence. It is shownthat the generat-
ing processesfor theatomiccomponentsandderivedgesture modelscanbe
describedby a mixture of Gaussianin their respectivecomponentand ges-
ture space. Mixture componentsmodellingatomiccomponentsandgestures
respectivelyare determinedusinga standard EM approach, while thedeter-
minationof thenumberof mixture componentsand therefore thenumberof
atomiccomponentsand gestures is basedon an informationcriterion, the
MinimumDescriptionLength(MDL).

1 Intr oduction
Naturalgesturesareexpressive body motionswith underlyingspatialand in particular
temporalstructure. The temporalstructureof gesturescan be modelledas stochastic
processesunderwhich salientphasesare modelledas statesand prior knowledgeon
both statedistributions and observation covariancesis learnedfrom training examples
[3, 13, 16, 8, 17]. However, the collectionof training examplesaswell asthedetermi-
nationof statesrequirestemporalsegmentationandalignmentof gestures.This taskis
ill-conditioneddue to measurementnoise,non-lineartemporalscalingbasedon varia-
tions in speedandmostnotablyhumanvariationin performingof gesture.As a result
thesegmentationin gesturerecognitiontypically involvesmanualinterventionandhand
labellingof imagesequences.

Thispaperpresentsa methodto automaticallysegmentandclustercontinuousobser-
vation sequencesof naturalgesturesfor a completeunsupervisedacquisitionof gesture
models,usingonly contextual informationderivedfrom theobservationsequenceitself.
Our work is motivatedby recentwork in the�eld of NaturalGesturesthatidenti�ed two
basicgesturetypes.Gesturesbasedon two movementphases,away from a restposition
into gesturespaceandbackto the restpositionandgesturesbasedon threemovement
phases,away from therestpositioninto gesturespace(preparation),followedby a small
movementwith hold (stroke) andbackto therestposition(retraction)[9]. Our approach
makes the assumptionthat gesturescan be viewed as a recurrentsequenceof atomic
components,similar to phonemesin speech,startingand endingin rest positionsand



governedby a high level structurecontrolling the temporalsequence.The extractionof
gesturesconsequentlyinvolvesin a�rst stepthesegmentationof thecompleteobservation
sequenceandtheextractionof atomiccomponentsandin a secondsteptheidenti�cation
of restpositionsandthesequenceof enclosedcomponents.We show thatatomiccompo-
nentsandderivedgesturesoncenormalisedandprojectedinto theirrespectivecomponent
andgesturespaceform clusters.Bothdistributionscanbedescribedby mixturesof Gaus-
sian, whereeachmixture componentmodelsa different atomic componentor gesture
respectively. Consequently, thedeterminationof atomiccomponentsandgesturemodels
requiresthe determinationof an optimal numberof mixture components,known asthe
problemof modelorderselection,andtheestimationof themodelparameters.

Maximumlikelihoodmethodssuchask-means[6] orExpectation-Maximisation(EM)
[5] provideeffectivetoolsfor thedeterminationof mixturecomponents.However, there-
sultingmixturemodelsdependonthea priori knowledgeof thenumberof mixtures.The
modelordercanbe determinedusingconstructive algorithmsthat employ crossvalida-
tion techniquesfor model training [10]. However the disadvantageof suchmethodsis
that they requirea validationset,which is oftennot available.Alternative approachesto
determinethenumberof clustersarebasedoninformationcriteria,suchasA Information
Criterion (AIC) [1], BayesianInformationCriterion (BIC) [14] andMinimum Descrip-
tion Length(MDL) [11]. In the following sectionswe show how MDL canbe usedto
automaticallysegmentthecomponentswithin gesturespaceinto clustersthatcorrespond
to atomicgestures,withoutany a priori knowledgeon thenumberof atomiccomponents
present.We extracthigh level knowledgeon gesturesbasedon theassumptionthatges-
turescanbe describedassequenceof atomiccomponents,startingandendingin a rest
position.Restpositionsaswell asthenumberof gesturemodelspresentin anobservation
sequenceareidenti�ed usingMDL.

Therestof this paperis organisedasfollows. Section2 describesthe temporalseg-
mentationof gesturesandtheir partitioninginto atomiccomponents.Section3 describes
thecomponentspacerepresentation.Section4 showshow to useMDL for theautomatic
clusteringof atomiccomponentsin componentspace. Section5 shows how to derive
high level knowledgeon gesturemodels.Experimentson datadrivenclusteringfor ges-
turemodelacquisitionaredescribedin Section6 andthepaperconcludesin Section7.

Figure1: Deicticgestures:”pointing left” (top row), ”pointing right” (bottomrow)

2 Temporal Segmentation
Temporalsegmentationpartitionsacontinuousobservationsequenceintoplausibleatomic
components.Our approachis motivatedby recentwork in the �eld of NaturalGestures
[9] that hasidenti�ed � ve basichandgesturetypes,iconic, metaphoric,cohesive, deic-
tic andbeatgestures.All gestureshave their temporalsignaturein common. Gestures



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

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

aretypically embeddedby thehandsbeingin a restpositionandcanbedivided into ei-
therbi-phasicor tri-phasicgestures.Beatanddeicticgesturesareexamplesfor bi-phasic
gestures.They have just two movementphases,away from therestpositioninto gesture
spaceandbackagain,while iconic metaphoricandcohesive gestureshave three,prepa-
ration,stroke andretraction.They areexecutedby transitioningfrom a restpositioninto
gesturespace(preparation),this is followedby asmallmovementwith hold(stroke)anda
movementbackto therestposition(retraction).Examplesareshown in Figure1, Figure2
andFigure3.

Thecompletegesturesequence,is recordedasacontinuoussequenceof
���

vertices,
containingthe � and � positionsof a person's moving handin animageplane.Segmen-
tation is performedin two steps. In a �rst step,the completeobservation sequenceis
analysedfor segmentswherethevelocitydropsbelow a pre-setthresholdto identify rest
positionsandpausepositionsthattypically occurin bi-phasicgesturesbetweentransition
into andout of gesturespaceandin tri-phasicgesturesbetweenstroke andretraction.A
secondstepanalysesthe segmentsfor discontinuitiesin orientationto recover strokes.
WeadoptamethodbasedonAsadaandBrady'sCurvaturePrimalSketch[2], depictedin
Figure4.

3 ComponentSpaceRepresentation
Eachatomiccomponentextractedfrom thetrajectoryof aperson'smoving hand,consists
of � 2D vertices���
	�� ��
�����
���������������������������������� with eachcomponenthaving a different
numberof vertices� . Clusteringalgorithms,however work on � -dimensionalsetsof �



Figure 4: Detectingdiscontinuitiesin gesturetrajectories. The orientationof a two dimen-
sionalhandtrajectory
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. The
�lter responsesare analysedfor characteristicmaximaand zero crossings.Only discontinuities
consistentovera largescaleareregistered,thustakingcareof noiseondifferentlevels.a)Example
trajectorycontaininga curvaturediscontinuity 576 . b) Thetrajectoryin orientationspace,relating
the orientationof the curve to the arc lengthalong the curve. c) Filter response�

�


	8

�

of the
orientationof thetrajectory

�������

convolutedwith the�rst derivative of a Gaussian�




�����

. d) Filter
response� � �


 8

�

of theorientationof thetrajectory
�������

convolutedwith thesecondderivative of
a Gaussian�




�����

. As shown in d) cornersgive rise to a pair of peakswith a separation9;:=<

���

andheight >
:

<'? 6.?

��� � �@���A� " �

. Note, 9
:

is linearlydependenton thescaleconstant
�

andmono-
tonically decreaseswith
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, which providesa strongcluefor thedetectionof corners.Exampleof a
continuouslyrecordedhandtrajectory(middle). Therecordedtrajectoryapproximatedby a spline
andsegmentedinto 701atomiccomponents(right).

input vectors B 	 � C
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� �������DC�E � . This requiresto transformthe atomic components
into a normalisedrepresentation,termed”componentspace”(Figure6). Thetransforma-
tion consistsof threesteps.First, thenumberof 2D verticesis normalised.The atomic
componentsareapproximatedby splines,interpolatedinto � verticesandstoredas

�

� -
dimensionalvectorCGF 	 � � 
�����
�������������� ����������H����IH � . Second,eachvectorCGF is concatenated
with ascalefactor J�F 	LK ��F�M ��N.F,OAP0Q)K ��NSR�T�M �UNVFWOAP , theratioof theoriginalnumberof ver-
ticesminustheminimal numberandthemaximalnumberminustheminimal numberof
verticesto preserve informationon theoriginal length. Third, redundantdimensionsare
removedusingPrincipalComponentAnalysis(PCA).LookingatFigure6 wecanseethat
atomiccomponentsprojectedinto componentspaceform clusters,which canbeapprox-
imatedby a mixtureof X Gaussian,de�ned by mixturecoef�cients Y[Z 	 � \
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Assumingeachmixture componentcorrespondsto an atomic behaviour allows us
to equatethe determinationof the mixture componentswith the determinationof the
atomiccomponentsitself. Thereis a considerableamountof literatureon theestimation
of mixture parametersandstandardmaximumlikelihoodmethodssuchask-meansand
EM can be usedto determinethe valuesof c

Z , _
Z and \

Z for a known model order
X . Thereareno methodsto determinethe number X of parametersdirectly, however
iterativeproceduresbasedon informationcriteriacanbeusedasdescribedin Section4.

3.1 Removing Noisefr om ComponentSpace
Not all componentsprojectedinto atomiccomponentspacearepart of meaningfulges-
turesandthis reinforcesthecommoncriticism of k-meansandrelatedmaximumlikeli-
hoodmethodsthatthey donotaddresstheproblemof noiseandassignall inputelements



Figure5: TheaverageEuclideandistancecalculatedfor all componentsto thenearest15 neigh-
bours,approximatedby a mixtureof two Gaussian(left).Theprojectionof the 3 largestPrincipal
Componentsof eachatomiccomponent,classi�edasfeature(light colour)or clutter (darkcolour)
(right).

to one particularclass. Consequentlywe �lter the distribution basedon an approach
similar to that of BayersandRaftery [12]. We assumethat featuresandclutter canbe
describedby two superimposedrandomprocessesandapproximatethedistributionof the
distance� Z from arandomlychosensampleto it' s
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where � 
 and ��� aretheaveragedistancesof a componentto its
�����

nearestneigh-
bours,� 
 and ��� thecorrespondingvariancesand \ and K
� M \ P themixtureprobabilities
for featureandnoiserespectively. The mixture parametersareestimatedusingan EM
algorithmandthecomponents(seeFigure5) are�ltered by applyingthe following pro-
cedure:

1. For X randomlychosencomponents

(a)CalculatetheaverageEuclideandistanceto its
�����

nearestneighbours

(b) Estimatethemodelparameters� \ ����
�����������
���� � � usingEM [5]

2. Classifyeachcomponentaccordingto whethertheaveragedistanceto it' s
�����

near-
estneighbourshasahigherprobabilityunderthefeatureor clutter.

An examplefor thisprocedureis shown in Figure5 . Usingthecomponentsextracted
from asequence,asillustratedin Figure4,wecalculatetheaverageEuclideandistancefor
all componentsto thenearest15neighboursandapproximatetheresultingdistributionby
amixtureof 2 Gaussianasseenin Figure5 (left). Clutteris representedby thedistribution
with the largestvarianceandall atomiccomponentswhoseaveragedistanceto it' s

�
���

nearestneighboursfallswithin this distribution is classi�edasnoise.

4 Automatic Model Order Selection
Thedensitydistribution in componentspacecanbedescribedby a mixtureof Gaussian,
whereeachmixturecomponent,

�

, modelsa differentatomiccomponent.Consequently,
thedeterminationof atomiccomponentsrequiresthedeterminationof anoptimumnum-
ber of unknown clusters X , known as the problemof model order selection,and the
estimationof themodelparametersY

f and ]
f .

The problemof modelorderselectionhasbeenwidely studiedin the literature(see
[4] for areview). Heuristicmethodshavebeenproposedby Akaike[1], Schwarz[14] and
Rissanen[11], whorespectivelyproposed(AIC) A InformationCriterion,(BIC) Bayesian



Information Criterion and (MDL) Minimum DescriptionLength. Thesemethodsare
heuristicin thesensethat they do not minimiseanerror functionbetweentheestimated
andthe truemodelorder. Insteadthesemethodsde�ne variousinformationcriteria that
only dependon the unknown modelorder X , which is de�ned asminimising valuefor
the respective criterion. One of the most popularcriteria, the information criterion of
Rissanen,MDL, is de�ned as

�
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MDL is obtainedfrom information-theoreticconsiderations,andthe modelorderis
de�nedasthemodelthatminimisesthedescriptionlength,i.e. themodelthatencodesthe
vectorof observationsin themostef�cient way [7]. The�rst term M���� �

�

K B e Y f ��] f P � ,
themaximisedmixture likelihoodof � K�B e Y f ��] f P , measuresthesystemsentropy and
canbe seenaccordingto Shannon's InformationTheoremasa measurefor the number
of bits neededto encodetheobservations B 	 � C 
 �0C � � ������� C�E � , with respectto themodel
parametersY f and ]hf
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Thesecondterm, 
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��� K �gP measurestheadditionalnumberof bitsneededto encode
themodelparametersandservesaspenaltyfor modelsthataretoocomplex. M describes
thenumberof freeparametersandis givenfor aGaussianmixtureby
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dimensionalmeansanddiagonalcovariancematrixes.
Theoptimalnumberof clustersandthereforenumberof atomiccomponentscanbe

determinedby applyingthefollowing iterativeprocedure:

1. For all K, �$X
N.FWO
�

X
�

X
NSR�T��

(a)Maximisethelikelihood
�

K B
e

Y
Z

��]
Z

P usingthek-means[6] or EM [5].

(b) Calculatethevalueof MDL(
�

) accordingto Eqn.(3) andEqn.(4)

2. Selectthemodelparameters��Y
Z

��]
Z

�
for theminimisingvalueof MDL(

�

).

Figure6: TheMinimum DescriptionLengthMDL( � ) calculatedfor all clustercon�guration �

�����

�

�������

, with globalminimumdeterminedfor 23 clusters(left). Componentspacesegmentedinto
23clusters:Theprojectionof the3 largestPrincipleComponentsof eachatomiccomponent(right).

An exampleis givenin Figure6. TheMinimum DescriptionLengthMDL(
�

) is cal-
culatedfor all clustercon�gurationswith � ���

�

�

���! 
� clusters,extractedfrom the

observation sequenceshown in Figure4 (right). A global minimum andthereforeop-
timal numberof clusterscanbe determinedfor k=23 clusters,consequentlysegmenting



the projectionof the atomiccomponentsin componentspaceinto 23 clustersasshown
in Figure6 (right). Thecorrespondingtrajectorysegmentsareshown in Figure7, small
squaresat theendof eachtrajectoryindicatethedirectionof movement.

Figure7: Theoverlaidtrajectorysegmentscorrespondingto the23 extractedclusters.

5 Extracting High Level Knowledge
Weassumethatgesturesarerepetitivesequenceof atomiccomponentsstartingandending
in a restpositionandaregovernedby ahigh level structurecontrollingtheir temporalse-
quence.Consequentlytheextractionof gesturesinvolvesin a �rst stepthedetermination
of restpositionsandin a secondsteptheenclosedsequenceof atomiccomponents.

Figure8: ExtractingRestPositions. Extractedareaswith little or no handmotion (left). The
distribution approximatedby a mixtureof Gaussianwith 5 mixturecomponentsdeterminedusing
MDL (middle).Probabilitiesfor therestpositionsin logarithmicdisplay(right).

Rest positionsare de�ned as areaswhere the handsundergo little or no motion.
We identify restpositionsby analysingthecompleteobservationsequencefor segments
wherethevelocitydropsbelow a pre-setthresholdasshown in Figure8(left). Thecorre-
sponding� � ����� co-ordinatesarestoredandtheresultingdistribution is approximatedby
a mixtureof Gaussian,asshown in Figure8(middle).Mixture componentsareestimated
usingtheEM algorithmandthenumberof mixturesdeterminedusingtheMDL frame-
work introducedin the previous section. This is equally true for pausepositions,that



typically occurbetweentransitionsinto andout of gesturespace,however handsremain
longer in restpositionsthanin a pausepositionandthis resultsin higherprobabilities,
ascanbe seenin Figure8(right). In real life scenarioswe canencountermultiple rest
positionsandpeoplecanchangein betweenthem.For simplicity weassumethereis only
onerestpositionandconsequentlyselecttheclusterwith thehighestprobability.

Figure9: Atomic Components:Themeantrajectoriescorrespondingto the23 extractedclusters,
labelledaccordingto whetherthey startor endin arestposition.

In a secondstepatomiccomponentswereidenti�ed that startor stopin a restposi-
tion. Themeantrajectoryfor all componentsbelongingto a particularclassis computed
and a componentde�ned to start or stop in a rest position in casethe �rst � �
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� or

last � ��E ����E � co-ordinatetuple is within 3 standarddeviations from the rest positions
meanposition. Themeantrajectoriesareshown in Figure9. Thecompleteobservation
sequenceis thenanalysedfor componentsthatstartandstopin arestpositionandthecor-
respondingcomponentidenti�er of theenclosedsequenceof atomiccomponentsstored.
Sequencescontainingcomponentsthatwerepreviouslyclassi�edasclutterarediscarded.
Thederivedgesturemodelsandtheatomiccomponentsthey consistof areshown in Fig-
ure10. Thelabelsnext to eachatomiccomponentindicatethecorrespondingcomponent
identi�er, labelsat the bottom left indicatethe gesturemodel identi�er whereaslabels
at the top left indicatethenumberof extractedsequencescorrespondingto eachgesture
model.

5.1 Determining the Number of GestureModels
Looking at components[6,23],[7,8,12],[9,18],[10,16] in Figure9 we canseea general
tendency of MDL to overestimatethetotalnumberof atomiccomponents.This resultsin
identicalgesturesbeingdescribedby multiplemodelscontainingdifferent,howeversimi-
lar atomiccomponentsascanbeseenin Figure10for models[2,7,11,12,13],[3,9] ,[4,5].
To reducethenumberof models,wetakethecompleteobservationsequence,concatenate
consecutive trajectorysegmentscorrespondingto theextractedgesturemodels,approxi-



Figure 10: The 13 extractedgesturemodelsdepictedby their atomic components.The small
numbersin thelower left indicatethemodelidenti�er andthenumbersin theupperleft indicatethe
numberof timeseachparticularsequencehasbeenseen.

matetheconcatenatedcomponentswith splinesandinterpolatetheminto
�

� -dimensional
vectorsCGF 	 � � 
�����
�������������� ����������H����IH � . Thecorrespondinggesturemodelidenti�ers are
storedandtheresultingdistribution is approximatedby a mixtureof Gaussian.Clusters
areextractedusingk-meansandtheir numberdeterminedusingthe alreadyintroduced
MDL. Modelscorrespondingto themodelidenti�er in eachof theextractedclusterare
groupedtogetherto one model, thus reducingthe total numberof models,as seenin
Figure11.

Figure11: Reducingthe numberof gestures.All trajectorysegmentscorrespondingto the ex-
tractedgesturemodelsprojectedinto gesturespaceandre-clusteredusingk-means,groupingmod-
els[4,5] and[2,7,11,12,13]together.

6 Experiments
To evaluateour approach,we recordeda participantperforming7 gestures.Therecord-
ing includeddeictic gesturessuchas”pointing left” and”pointing right” , metaphoric
gesturessuchas”he benta tree” and”there wasa big explosion” andcommunicative
gesturessuch”waving high” , ”waving low” and ”please sit down” . Examplesare
shown in Figure1, Figure2 andFigure3.



A time limit of 15 minuteswassetandeachgesturewasapproximatelyperformed
30 timesin arbitraryorder. Gestureswererecordedwith 15 framesper secondandthe

���

positionsof theparticipantshandsandtheheadextractedusinga tracker developed
by SherrahandGong[15]. The2-dimensionalobservationtrajectorycontainingthe[ � ,� ]
positionof theparticipant's right handwasapproximatedby a splineandautomatically
partitionedinto 701 atomiccomponentsasshown in Figure4. All atomiccomponents
weretransformedinto a componentspace.Eachcomponentwasinterpolatedinto

�

�

���

vertices,storedas41-dimensionalvector(20
���

verticesplusscalefactor)andreduced
to 5 dimensionsusingPCA, still containing95% of theoriginal information. The aver-
ageEuclideandistancefor eachcomponentto its nearest15 componentswascalculated.
The resultingdistribution was approximatedby a mixture of two Gaussianas seenin
Figure5 andall componentswith higherprobabilityunderclutter thanfeatureremoved,
thusreducingthenumberof componentsby 118to 583.Theremainingcomponentswere
approximatedby a mixtureof Gaussianwith � � � �

�

� �! � mixturecomponents,deter-
minedusingak-meansclusteringalgorithm.TheMinimum DescriptionLengthMDL(

�

)
wascalculatedfor eachcon�gurationanda globalminimumwasdeterminedfor

�

	

���

mixturesasshown in Figure6 (left). Figure6 (right) showstheprojectionof thelargest3
principalcomponentsof eachatomiccomponentsegmentedinto 23clustersandFigure7
shows the correspondingtrajectorysegments.Thesmall numbersnext to eachdiagram
indicatethemixture identi�er with thesmall squaresat theendof eachtrajectory, indi-
catingthe directionof movement. Looking at components[6,23], [7,8,12], [9,18], and
[10,16] we can seea generaltendency of MDL to overestimatethe numberof atomic
components.They aresimilarhoweverweresplit into differentcomponents.

Figure 8 shows the extractedrest and pausepositions. The completeobservation
sequencewas analysedfor sequenceswherethe velocity droppedbelow 1/20th of the
maximalvelocity. Thecorresponding� � ����� co-ordinateswereextractedandtheresulting
distribution approximatedby a mixtureof Gaussian.Five mixturecomponentswerede-
terminedusingMDL andthemixturewith thehighestprobabilitychosenasrestposition.
Figure9 showsthemeantrajectoriescorrespondingto eachextractedatomiccomponent.
The small numbersin the lower left indicatethecomponentidenti�er andthe letter 'S'
or 'E' indicatewhethera componentstartsor endsin a restposition. Theextractedges-
ture modelscanbe seenin Figure10. The small numbersin the lower left indicatethe
modelidenti�er, thenumbersin theupperleft indicatethenumberof timeseachpartic-
ular sequencehasbeenseenandthenumbernext to eachof the trajectorysegmentsthe
atomiccomponentidenti�ers. A totalof 13gesturemodelswereextractedcorresponding
to the7 gesturesdueto a tendency of MDL to overestimatethenumberof 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
components[6] and[8], while gesture[11] consistsof components[23] and[7] similarly
gesture[3] and[9] consistof components[20,13,19]andcomponents[5,19] respectively.
Someof the componentsaresharedby two or moregestures.The atomiccomponent
[22] is sharedby the metaphoricgestures[4,5] ”he benta tree” andthecommunicative
gesture[10] ”wavinghigh” or component[19], is sharedbetweenthecommunicativeges-
tures[3,9] ”pleasesit down” andthemetaphoricgestures[4,5] ”he benta tree” and[6]
” there wasa big explosion”, thusdemonstratingthefunctionalityof atomiccomponents
asbuilding blocksof gestures.

To reducethe �nal numberof gesturesall trajectorysegmentsbelongingto eachof



the13extractedgesturemodelswereconcatenatedandnormalisedinto a40dimensional
vector. The correspondingmodel identi�ers were storedand the resultingdistribution
wasapproximatedby amixtureof Gaussian.Eightmixturecomponentsweredetermined
usingMDL, groupinggesturemodels[2,7,11,12,13]and[4,5] togetherascanbeseenin
Figure11. Thusreducingthe total amountof gesturesto 8, containingthe models[1],
[2,7,11,12,13],[3], [4,5], [6], [8], [9] and[10].

7 Summary and Conclusions
We presenteda systematicapproachto automaticallysegmentandlabela continuousob-
servationsequenceof handgesturesfor a completeunsupervisedmodelacquisition.We
assumedthatgesturescanbeviewedasa repetitive sequenceof atomiccomponentsthat
canbe modelledby a mixture of Gaussianin a componentspace.Mixture components
weredeterminedusingk-meansclusteringandthenumberof componentswasautomat-
ically determinedusingthe MDL criterion. Experimentswereperformedon a training
sequencecontaining7 differentgestures.A �rst low level analysisslightly overestimated
thenumberof modelsandextracted13partly identicalgesturesdueto atendency of MDL
to overestimatethenumberof atomiccomponents.In asecondstep,weanalysedtheges-
turesonahighlevel andwereableto reducethenumberof modelsto 8. Visualinspection
showsthattheextractedgesturesmodelall 7 originalgestures.
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