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Abstract

We presenta learning-basednethodfor the estimationof skill levelsfrom sequences
of complex movementsn sports.Our methodis basedon a hierarchical algorithm for
computingspatio-tempaal correspondencbetweersequencesf comple bodymove-
mentsThealgorithmestablishesorrespondencat twolevels:wholeactionsequences
andindividual movementlementsUsing Spatio-Empoal MorphableModelswerep-
resentindividual movementelementdy linear combinationsof learnedexamplepat-
terns.Thecoefcients of thesdinear combinationgle ne featuresthatcanbeefciently
exploitedfor estimatingcontinuousstyleparametes of humanmovements\We demon-
strate by comparisorwith expertratingsthat our methodefciently estimateghe skill
levelfromtheindividual techniquesin a "kar atekata”.

1 Intr oduction

Theanalysisof complex movementss animportantproblemfor mary technicalappli-
cationsin computervision, computergraphics sportsandmedicine(seereviewsin [6]
and[10]). For severalapplicationst is crucialto modeldifferentstylesof movements,
for exampleto quantify the movementdisordersin medicalgait analysis,or for the
classi cationanddescriptiorof differentskill-levelsin sports.In theliteraturedifferent
methoddgor theparameterizationf stylesof complex movementhave beenproposed,
e.g.basedon hiddenMarkov models[2][13], principal componen&nalysis[15][1] or
fourier coefcients [12].

An efcient methodfor the synthesisof movementswith different stylesis the
linear combinationof exampletrajectories.Suchlinear combinationscan be de ned
efciently on the basisof spatio-temporatorrespondenceélhe techniqueof Spatio-
TemporalMorphableModels(STMMs) de neslinearcombinationsdy weightedsum-
mationof spatialandtemporaldisplacementelds that morphthe prototypicalmove-
menttrajectoriesnto areferencepattern.This methodhasbeensuccessfullyappliedfor
the generatiorof cyclic movementsn computergraphics(motion morphing[3],[14])
aswell asfor the recognitionof movementsand movementstylesfrom trajectoriesn
computervision[8].

To generalizehe methodof linear combinationfor complex sequencesontaining
mary complex movementsve extendthebasicSTMM algorithmby introducinga sec-
ond hierarchylevel that representsnotion primitives. Such primitives correspondo



partsof the approximatedrajectoriese.g. techniquedn a sequencef karatemove-
ments.Thesemovementprimitivesarethenmodeledusing STMMs by linearly com-
bining examplemovementsThis makesit possibleto learngeneratie modelsfor se-
quencesof movementswith different styles.We apply this hierarchicalalgorithmto
modelsequencesf complex karatemovementsandto estimatethe skill levels of dif-
ferentactorsbasedn thetrajectoryinformationobtainedby motioncapturing.

2 Algorithm

An overview of the hierarchicalalgorithmis shovn in gure 1. The next sectionsde-
scribe the extraction of the movementelementsand the modelingof the individual
elementdy STMMs.
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Fig. 1. Schematidescriptionof themethodanddata o w. First, individualtechniquesreidenti-
ed andsggmentedusinginvariantkey featuresThenthe sgmentedechniquesrerepresented
by linearcombinatiorof prototypicalexampletrajectorieausingSTMMs. Theresultinglinearco-
efcients aremappedntotheestimatedskill level with RBF networksthataretrained
with expertratingsfor the skill levels of eachindividual karatetechnique.

2.1 Identi cation of movementprimiti ves

For theidenti cation of movementprimitiveswithin acomple« movementsequencan
appropriatedescriptionof the spatio-temporatharacteristicof the individual move-
mentelementsnustbefoundthatis suitablefor arobustmatchingwith storedexample
templatesBasedon suchfeaturespatio-temporatorrespondendeetweemew move-
ment sequencesand storedexample sequencesan be establishedn a coarselevel.
The underlyingfeaturesmustbe invariantagainstchangeof the style of the individ-
ual movementelementsDifferentelementanspatio-temporahndkinematicfeatures,
likeangulavelocity[5][11] or curvatureandtorsionof the3D trajectorie§4] have been
proposedn theliterature. Thekey featuresf our algorithmarezerosof thevelocity in
few "characteristicoordinates’df thetrajectory . For thematchingprocesswhich
is basedon dynamicprogrammingwe representhefeaturesoy discretesvents.Let
bethenumberof themotionprimitiveand thenumberof characteristicoordinate®f
thetrajectory Let bethereducedtrajectory”of thecharacteristicoordinateghat
takesthevalues  atthevelocity zero$. The movementprimitive is thencharacter
ized by the vectordifferences of subsequentelocity zeros
(seeg. 2).

A robustidenti cation of movementrimitivesin noisydatawith additionalor miss-
ing zero-\elocity points  canbeachiezedby dynamicprogramming.The purposeof
the dynamicprogrammings anoptimal sequencalignmentbetweerthe key features
of theprototypicalmovementprimitive andthekey featuref asearchwin-
dow (see g. 2b). Thisis accomplishedy minimizing a costfunction that

8 Zero-\elocity is de ned by a a zeroof the velocity in at leastone coordinateof the reduced
trajectory
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is given by the sumof over all matchedkey features A moreformal
descriptionof the algorithmis givenin [9].

2.2 Morphable Models for modeling movementprimiti ves

Thetechniqueof Spatio-Empoal MorphableModels[7],[8] is basedn linearly com-
bining the movementrajectoriesof prototypicalmotion patterndn space-timeLinear
combinationsof movementpatternsare de ned on the basisof spatio-temporator-
respondencethat are computedby dynamic programming[3]. Complex movement
patternscanbe characterizedy trajectoriesof featurepoints. The trajectoriesof the
prototypicalmovementpattern can be characterizedy the time-dependentector
. The correspondencesld betweentwo trajectories and is de ned by the
spatialshifts andthetemporalshifts thattransformthe rst trajectoryinto the
secondThetransformations speci ed mathematicallyoy the equation:

@)

By linear combinationof spatialandtemporalshifts the Spatio-EmporalMorphable
Modelallowsto interpolatesmoothlybetweermotionpatternswith signi cantly differ-
entspatialstructure but alsobetweenpatternsthat differ with respecto their timing.
Thecorrespondencshifts and arecalculatedby solvinganoptimizationprob-
lemthatminimizesthe spatialandtemporalshiftsunderthe constrainthatthetemporal
shifts de ne a new time variablethat is always monotonicallyincreasing For further
detailsaboutthe underlyingalgorithmwe refer to [7],[8]. Signifying the spatialand
temporalshifts betweerprototype andthereferenceatternby and , lin-
earlycombinedspatialandtemporalshifts canbe de ned by thetwo equations:

@)

Theweights  de ne thecontributionsof theindividual prototypego thelinearcom-
bination.We alwaysassumecorvex combinationswith and

After linearly combiningthe spatialandtemporalshiftsthe trajectoriesof the morphed
patterncanberecoveredby morphingthereferenceatternin space-timeisingthespa-
tial andtemporalshifts and . The space-timemorphis de ned by equation
(1) where isthereferencepatternand  hasto beidenti ed with trajectoryof the
linearly combinedpattern.



Fig.3. A Snapshofrom motion capturing
karate movementswith 11 cameras.The
subjectshad 41 marlers and perform the
karatekata”Heian Shodan”

3 Experiments

We demonstrate¢he function of the algorithmby modelingmovementsequencefom
martialarts.Usingamotioncapturesystem(VICON 612)with 11 camerasve captured
the movementsof 7 actorsperformingthe karatekata’Heian Shodan”.14 movement
sequencefwo sequenceperactor)werecapturedat a samplingfrequeny of 120Hz
using41passvely re ecting markers.Theactorshaddifferentbeltlevels(Kyu degrees)
in karate(Shotokan)seetah 1). The katawasdecomposedhto 20 movementprim-
itives (karatetechniques)The total durationof the whole sequencesvas between25
and35s( 3000-4200capturedrames).Eachindividual techniquewasratedby an
expertonascalefrom 0 to 10.

Marker set #1 Marker set #2 Marker set #3 Angle set #1

actofdenmartho joh ste chrjoa . ° .
Kyul7 6 5 5 3 2 1 T
8.17.06.04.22.21.90.9

Fig. 4. Visualizationof differentfeaturesets

Table 1. Of cial beltlevels(Kyudegrees)fthe

seven actorsand averageof the expert ratings
for the individual techniques on a scale
from to ( signifyingoptimalperformance,

usedfor theanalysis Featuresets#1-#3were
basedon selected3D markers. Featureset#
4 is basedon joint angles.The black dotsil-

lustratethe positionsof the selectednarlkers

and signifyingworstperformance). respectiely joints.

3.1

Theindividual techniquesvereextractedautomaticallyfrom the katasequencesasing
the methoddescribedn section2.1. For therepresentatioof the relevantkey features
we have examineddifferentfeaturesetsbasedon 3D markers and joint angles( g.
4). The prototypesfor theidenti cation of individual techniquesveregeneratedrom
manually segmentedtrajectories As prototypeswe usedtechniquedrom individual
actorsandalsotheaverageoverall actorsgeneratedby time alignmentusingSTMMs.
Fig. 5 shavstheerrormeasure for all framesfor akatasequencesingoneparticular
prototypicalmovementprimitive for matching.

Theresultsof theautomaticsggmentationgareasfollows: Out of the280individual
techniquesn the dataset96% werecorrectlyclassi ed. The bestsegmentatiorresults

Identi cation of individual techniques
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Fig. 5. Resultsof the automaticsegmentationfor one sequencadentifying one techniquefor
actor(chr) usingthe prototypicalmovementprimitive generatedby a 3 movementsaverage

The diagramshaws the distancemeasuref the dynamicprogrammingmethod, , for different
matchesof the correspondingnovementprimitive over the whole sequenceThe circlesmark
the times of the matchedkey feature  in the sequencdsee g. 2). Eachmatchof a whole
movementprimitive is illustratedby a row of circleswith the same . The numberof circles
correspondgo the numberof key featuresof the movementprimitive. Thereare threedistinct
minimain the -function correspondingo a techniquethat occursmultiple timesin the kata
with slightly differentrotation steps.The movementprimitive (with the correctrotation step)
correspondso the smallestminimum of the errorfunctionthatoccursat frame595.

were obtainedusing prototypesgeneratedy averagingthe trajectoriesof all actors.
Using an averageof threeactorsincluding a beginner a mediumskilled karatekaand
a mastey we obtainedcomparableresults.In general,using prototypesgeneratedy
averagingwe obtainedsigni cantly bettersegmentationghanfor prototypeghatwere
derivedfrom individual actors Segmentatiorerrorstypically arisewhenthe sametech-
niqueoccursmultiple timesin differentcontexts in the kata.Sucherrorscanbe easily
removedby takinginto accountthe overall sequencef thetechniquesn thekata. The
bestsegmentationperformancevasobtainedwith marker set# 1. Thereasonfor this
result might be that the movementsof the feet during mary of the techniqueswvere
very similar. Our sggmentatioralgorithmwassensitve enoughto detectf actorsforgot
individual movementsduringthe kata.

3.2 Modeling of movementelementby linear combination

In thenext step thesegmentednovemenklementsvereapproximatedby linearcombi-
nationsof prototypicalmovementprimitives. Theweightsof thesdinearcombinations
areuseful(1) for actoridenti cation, if the movementcomesfrom anactorin the pro-
totypeset(2) for the estimationof skill levels of actors,which is notin the prototype
set.

Actoridenti cation Basedon therepresentatioby linearcombinationsa robustactor
identi cation canberealized.The STMM is trainedwith the automaticallysegmented
movementsrom all actors.A nev movementsequencérom actor( ), thatwasnot
partin thetrainingset,is approximatedy thelinearcombinationof thetrainingmove-
mentsequencedrig. 6.ashaws that the linear coefcients peakexactly for the
weight of the prototype(tho). In addition, the estimatedweight of this prototypeis



closeto onefor all techniquesThis actoridenti cation worksfor bothtypesof feature
sets(3D markersandjoint angles).Theidenti cation is thusnot basedon the speci ¢
kinematicstructureof the actor, but ratheron speci ¢ spatio-temporatharacteristics.

Coefcients of linear combinationas basisfor skill level estimation Thelinear coef-
cientscanalsobe usedasbasisfor the estimationof skill levels. For this purposethe
mappingbetweenthe linear coefcients and an estimatefor the skill level is learned
(sec.3.3). The coefcients re ect the weighting of the speci ¢ spatio-temporathar
acteristicsof the prototypedfor the ratedmovementpattern.We evaluatedthe method
usinga leave-one-outparadigm.The STMM wastrainedwith the automaticallysey-
mentedmovementdrom a setof six prototypesexcludingthe actorthat performecdthe
testsequencekig. 6.b shavs a typical exampleof the estimatedccoefcients fora
new actor Interestingly the weight estimationgor the differentmovementprimitives
aresimilar eventhoughthe actorwasnotin thetrainingset. Thisindicatescorrelations
in movementstylesof differentactorsthataresimilarfor differentmovementelements.

10
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Fig. 6. Left panel:Coefcients of thelinearcombinationthatapproximates newv sequence
of actor . Theweightcorrespondingdo this actorhasthe index . (The testedsequence
wasnotin thetraining setfor the STMM). Right panel:Coefcients of linearcombination
approximatinga sequencef the actor afterthe STMM hasbeentrainedwith a setof six
prototypesexcluding actor . Consistentlyfor mostmovementprimitives high coefcients
arisefor and

3.3 Skill-level estimation on segments

For the estimationof the skill-levels basedon the linear coefcients (eq.2) we
usedRBF networks. For eachkaratetechniquea separatenetwork was trainedthat
realizeshemapping ,where  denotegheestimateThe
networksweretrainedwith the coefcient vectorsfor the prototypes andthe
expertratings.

Fig. 7 (left panel)shavs a comparisorbetweenthe estimatedskill levels andthe
expertratingsfor all techniquef a singleactor Theright panelshavs the averaged
deviations for all techniques averagedover all ac-
tors. The gure shows thatthe reliability variesover the movementprimitives.A pos-
sible explanationis thatthetechniquewary with respecto their dif culty . Very simple
techniquesnightnotsowell differentiatebetweerdifferentskill levelsasmoredif cult
ones.

For thefurtheranalysighetechniquesvith areliability weredetermined.
Only the estimatef the RBF networkstrainedwith thesetechniquesverecombined
into a nal skill level estimateby computingthe averageof their outputs.
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Fig. 7. Left panel: Comparisorbetweenthe estimates  of the skill level obtainedfrom the
individual techniqguesandthe expertratings for oneactor(mar). The averagesf the esti-
matedandtherealskill levelsarequitesimilar(  vs. ). In particularfor techniqueshatwere
not executedcorrectlylargerdeviationsarise.Right panel:Reliability of the skill-level estimates
from thedifferentkatatechniquesTechniquesvith wereusedto computetheaveraged
skill-level.

The overall reliability of the proposednethodwasthentestedwith a new dataset
with sequencefrom the 7 actorsusingonly the previously selectedechniquesThe
resultsof the skill-level estimationbasedon different featuresetsand segmentation
methodscomparedwith the expertratingsareshavn in gure 8 andtable2. Thees-
timateshave exactly the samemonotonicorderasthe expert ratingsand matchthem
closelyin the rangeof the lower skill levels. Larger deviationsoccurfor someactors
with higherranks(ste and chr). The estimatef the extremeskill levels are shifted
towardslessextremevalues,likely a consequencef the lack of training dataoutside
therangebetweertheseextremes.

actor |denmartho joh stechrjoa
Kyu 7 6 55 3 21
Kyu (7.0 5.955353.2291.0
8.17.06.04.22.21.90.9
7.8 6.3594.13.33.01.6
7.8646.24.0383.11.7
7.8 6.7634.138351.4

Table 2. Comparisorbetweerthe belt level (Kyu),

expertratingaveragedver all techniques  , and

the estimatedskill levels for different setsof fea-
Fig. 8. Comparisonof the averagedexpert tures. Resultsare shavn for automaticand man-
ratings (exp) with the automaticallyesti- ual segmentatiorof themovementprimitives(
mated ratings using different feature sets _ ). Basedon the estimate
(seetable?) for all actors Theautomatices- an estimatedbelt level Kyu  was computed

timatesobtainedwith differentfeaturesets by lineartransformatiorusingthe extremeskill val-
arevery similar. ues(1l.and7. Kyu) asreferencepoints.

4 Discussion

We have presentedlearning-basethethodfor thequanti cationof movemenstylesin
sequencesf movementghatworks on small datasets.The proposednethodis based
on establishingspatio-temporatorrespondenceetweerlearnedprototypicalexample



sequenceandnew trajectoriesxploiting a hierarchicalalgorithmfor the computation
of spatio-temporatorrespondencé&Ve demonstratethatthis techniquds suitablefor
persorrecognitionfrom individual movementprimitives,andfor the estimationof skill
levelsfrom sequencef complex movementsn sports.

Comparedo relatedmethodsfor the representatiomf movementstylesin com-
putervision and computergraphics(seesectionl) the proposednethodseemgo be
interestingfor the following reasons(1) As demonstratedh this paperit works with
very smalldatasets.We appliedprinciple componenganalysison the sametrajectories
usingthesametypeof neuralnetworks andobtainedessaccurateestimatesf the skill
level. (2) The coefcients of the STMM are often intuitive to interpret,as shavn in
gure 6. (3) A furtheradwvantageof the proposedmethod,which appliesalsoto some
othertechniquesis thatrepresentationf movementsequenceby linearcombinations
of learnedexamplesds alsosuitablefor synthesiof movementsequencewith de ned
styles[9]. Futurework will have to testthe proposednethodon biggerdatasets.
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