
Estimation of Skill Levelsin Sportsbasedon
Hierar chical Spatio-Temporal Corr espondences

Winfried Ilg
�

andJohannesMezger
�

andMartin Giese
�

�

Laboratoryfor Action, RepresentationandLearning
Departmentfor Cognitive Neurology, UniversityClinic Tübingen,Germany
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Abstract

We presenta learning-basedmethodfor the estimationof skill levelsfrom sequences
of complex movementsin sports.Our methodis basedon a hierarchical algorithmfor
computingspatio-temporal correspondencebetweensequencesof complex bodymove-
ments.Thealgorithmestablishescorrespondenceat twolevels:wholeactionsequences
andindividualmovementelements.UsingSpatio-Temporal MorphableModelswerep-
resentindividual movementelementsby linear combinationsof learnedexamplepat-
terns.Thecoef�cients of theselinear combinationsde�nefeaturesthatcanbeef�ciently
exploitedfor estimatingcontinuousstyleparametersof humanmovements.We demon-
strateby comparisonwith expert ratingsthat our methodef�ciently estimatestheskill
level fromtheindividual techniquesin a ”kar atekata”.

1 Intr oduction

Theanalysisof complex movementsis animportantproblemfor many technicalappli-
cationsin computervision,computergraphics,sportsandmedicine(seereviews in [6]
and[10]). For severalapplicationsit is crucial to modeldifferentstylesof movements,
for exampleto quantify the movementdisordersin medicalgait analysis,or for the
classi�cationanddescriptionof differentskill-levelsin sports.In theliteraturedifferent
methodsfor theparameterizationof stylesof complex movementshavebeenproposed,
e.g.basedon hiddenMarkov models[2][13], principalcomponentanalysis[15][1] or
fourier coef�cients [12].

An ef�cient methodfor the synthesisof movementswith different styles is the
linear combinationof exampletrajectories.Suchlinear combinationscanbe de�ned
ef�ciently on the basisof spatio-temporalcorrespondence.The techniqueof Spatio-
TemporalMorphableModels(STMMs) de�nes linearcombinationsby weightedsum-
mationof spatialandtemporaldisplacement�elds thatmorphtheprototypicalmove-
menttrajectoriesinto areferencepattern.Thismethodhasbeensuccessfullyappliedfor
thegenerationof cyclic movementsin computergraphics(motionmorphing[3],[14])
aswell asfor the recognitionof movementsandmovementstylesfrom trajectoriesin
computervision [8].

To generalizethemethodof linearcombinationfor complex sequencescontaining
many complex movementsweextendthebasicSTMM algorithmby introducingasec-
ond hierarchylevel that representsmotion primitives.Suchprimitivescorrespondto



partsof the approximatedtrajectories,e.g. techniquesin a sequenceof karatemove-
ments.ThesemovementprimitivesarethenmodeledusingSTMMs by linearly com-
bining examplemovements.This makesit possibleto learngenerative modelsfor se-
quencesof movementswith differentstyles.We apply this hierarchicalalgorithmto
modelsequencesof complex karatemovementsandto estimatetheskill levelsof dif-
ferentactorsbasedon thetrajectoryinformationobtainedby motioncapturing.

2 Algorithm

An overview of thehierarchicalalgorithmis shown in �gure 1. The next sectionsde-
scribethe extraction of the movementelementsand the modelingof the individual
elementsby STMMs.
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Fig.1. Schematicdescriptionof themethodanddata�o w. First, individual techniquesareidenti-
�ed andsegmentedusinginvariantkey features.Thenthesegmentedtechniquesarerepresented
by linearcombinationof prototypicalexampletrajectoriesusingSTMMs.Theresultinglinearco-
ef�cients �

�������

��� aremappedontotheestimatedskill level with RBFnetworksthataretrained
with expertratingsfor theskill levelsof eachindividualkaratetechnique.

2.1 Identi�cation of movementprimiti ves

For theidenti�cation of movementprimitiveswithin acomplex movementsequencean
appropriatedescriptionof the spatio-temporalcharacteristicsof the individual move-
mentelementsmustbefoundthatis suitablefor arobustmatchingwith storedexample
templates.Basedonsuchfeaturesspatio-temporalcorrespondencebetweennew move-
ment sequencesandstoredexamplesequencescan be establishedon a coarselevel.
The underlyingfeaturesmustbe invariantagainstchangesof thestyle of the individ-
ualmovementselements.Differentelementaryspatio-temporalandkinematicfeatures,
likeangularvelocity[5][11] or curvatureandtorsionof the3D trajectories[4] havebeen
proposedin theliterature.Thekey featuresof ouralgorithmarezerosof thevelocity in
few ”characteristiccoordinates”of thetrajectory
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. For thematchingprocess,which
is basedondynamicprogramming,we representthefeaturesby discreteevents.Let 


bethenumberof themotionprimitiveand � thenumberof characteristiccoordinatesof
thetrajectory. Let �

�
	��

bethe”reducedtrajectory”of thecharacteristiccoordinatesthat
takesthevalues��� � at thevelocity zeros3. Themovementprimitive is thencharacter-
izedby thevectordifferences��������

������
������

� of subsequentvelocity zeros
(see�g. 2).

A robustidenti�cation of movementprimitivesin noisydatawith additionalormiss-
ing zero-velocitypoints ���

� canbeachievedby dynamicprogramming.Thepurposeof
thedynamicprogrammingis anoptimalsequencealignmentbetweenthekey features
of theprototypicalmovementprimitive � �
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�&� ' andthekey featuresof asearchwin-
dow �
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( (see�g. 2b). This is accomplishedby minimizing a costfunction ) that

3 Zero-velocity is de�ned by a a zeroof the velocity in at leastonecoordinateof the reduced
trajectory.



Fig.2. Illustration of the methodfor the automatic
identi�cation of movementprimitives: (a) In a �rst
stepall key features�

��

aredetermined.(b)Sequences
of key featuresfrom the sequences(s) arematched
with sequencesof key featuresfrom theprototypical
movementprimitives (m) using dynamic program-
ming.A searchwindow is movedover thesequence.
The length of the window is two times the num-
ber of key featuresof the learnedmovementprimi-
tive.Thebestmatchingtrajectorysegmentis de�ned
by the sequenceof featurevectors that minimizes
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over all matchedkey features.
With this methodspatio-temporalcorrespondenceat
a coarselevel is established. km
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is givenby thesumof ��� ��� ��

� �����

�

��� over all matchedkey features.A moreformal
descriptionof thealgorithmis givenin [9].

2.2 Mor phableModels for modelingmovementprimiti ves

Thetechniqueof Spatio-Temporal MorphableModels[7],[8] is basedon linearlycom-
bining themovementtrajectoriesof prototypicalmotionpatternsin space-time.Linear
combinationsof movementpatternsare de�ned on the basisof spatio-temporalcor-
respondencesthat are computedby dynamicprogramming[3]. Complex movement
patternscanbe characterizedby trajectoriesof featurepoints.The trajectoriesof the
prototypicalmovementpattern� can be characterizedby the time-dependentvector
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. The correspondence�eld betweentwo trajectories
�

� and
�

� is de�ned by the
spatialshifts �

�
	��

andthetemporalshifts �

�
	��

thattransformthe�rst trajectoryinto the
second.Thetransformationis speci�edmathematicallyby theequation:
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By linear combinationof spatialandtemporalshifts theSpatio-TemporalMorphable
Modelallowsto interpolatesmoothlybetweenmotionpatternswith signi�cantly differ-
ent spatialstructure,but alsobetweenpatternsthatdiffer with respectto their timing.
Thecorrespondenceshifts �

�
	��

and�

��	��

arecalculatedby solvinganoptimizationprob-
lemthatminimizesthespatialandtemporalshiftsundertheconstraintthatthetemporal
shifts de�ne a new time variablethat is alwaysmonotonicallyincreasing.For further
detailsaboutthe underlyingalgorithmwe refer to [7],[8]. Signifying the spatialand
temporalshiftsbetweenprototype� andthereferencepatternby �

(

�
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and �

(

�
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, lin-
earlycombinedspatialandtemporalshiftscanbede�ned by thetwo equations:
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Theweights4

( de�ne thecontributionsof theindividualprototypesto thelinearcom-
bination.We alwaysassumeconvex combinationswith 5*674
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(

4

(

�
8 .

After linearlycombiningthespatialandtemporalshiftsthetrajectoriesof themorphed
patterncanberecoveredby morphingthereferencepatternin space-timeusingthespa-
tial and temporalshifts �

�
	��

and �

��	��

. The space-timemorph is de�ned by equation
(1) where

�

� is the referencepatternand
�

� hasto be identi�ed with trajectoryof the
linearlycombinedpattern.



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

3 Experiments

We demonstratethefunctionof thealgorithmby modelingmovementsequencesfrom
martialarts.Usingamotioncapturesystem(VICON 612)with 11cameraswecaptured
themovementsof 7 actorsperformingthekaratekata”Heian Shodan”.14 movement
sequences(two sequencesperactor)werecapturedat a samplingfrequency of 120Hz
using41passively re�ecting markers.Theactorshaddifferentbelt levels(Kyu degrees)
in karate(Shotokan)(seetab. 1). The katawasdecomposedinto 20 movementprim-
itives(karatetechniques).The total durationof the whole sequenceswasbetween25
and35 s (

"

� 3000-4200capturedframes).Eachindividual techniquewasratedby an
expertonascalefrom 0 to 10.

actordenmar tho joh ste chr joa
Kyu 7 6 5 5 3 2 1

�

�����

- 8.1 7.0 6.0 4.2 2.2 1.9 0.9

Table1.Of�cial belt levels(Kyudegrees)of the
seven actorsand averageof the expert ratings
for the individual techniques

�

�
���

- on a scale
from

�

to �

�

(
�

signifyingoptimalperformance,
and �

�

signifying worstperformance).

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

Fig.4. Visualizationof different featuresets
usedfor theanalysis.Featuresets#1-#3were
basedon selected3D markers.Featureset#
4 is basedon joint angles.Theblackdotsil-
lustratethepositionsof theselectedmarkers
respectively joints.

3.1 Identi�cation of individual techniques

Theindividual techniqueswereextractedautomaticallyfrom thekatasequencesusing
themethoddescribedin section2.1.For therepresentationof therelevantkey features
we have examineddifferent featuresetsbasedon 3D markers and joint angles(�g.
4). Theprototypesfor the identi�cation of individual techniquesweregeneratedfrom
manuallysegmentedtrajectories.As prototypeswe usedtechniquesfrom individual
actorsandalsotheaveragesoverall actorsgeneratedby timealignmentusingSTMMs.
Fig. 5 showstheerrormeasure) for all framesfor akatasequenceusingoneparticular
prototypicalmovementprimitive for matching.

Theresultsof theautomaticsegmentationsareasfollows:Outof the280individual
techniquesin thedataset96%werecorrectlyclassi�ed.Thebestsegmentationresults
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Fig.5. Resultsof the automaticsegmentationfor one sequenceidentifying one techniquefor
actor(chr)usingtheprototypicalmovementprimitive generatedby a 3 movementsaverage����� .
Thediagramshows thedistancemeasureof thedynamicprogrammingmethod,� , for different
matchesof the correspondingmovementprimitive over the whole sequence.The circlesmark
the timesof the matchedkey feature
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in the sequence(see�g. 2). Eachmatchof a whole
movementprimitive is illustratedby a row of circleswith the same� . The numberof circles
correspondsto the numberof key featuresof the movementprimitive. Therearethreedistinct
minima in the � -function correspondingto a techniquethat occursmultiple times in the kata
with slightly different rotation steps.The movementprimitive (with the correctrotation step)
correspondsto thesmallestminimumof theerrorfunctionthatoccursat frame595.

were obtainedusingprototypesgeneratedby averagingthe trajectoriesof all actors.
Usinganaverageof threeactorsincludinga beginner, a mediumskilled karateka,and
a master, we obtainedcomparableresults.In general,usingprototypesgeneratedby
averagingwe obtainedsigni�cantly bettersegmentationsthanfor prototypesthatwere
derivedfrom individualactors.Segmentationerrorstypically arisewhenthesametech-
niqueoccursmultiple timesin differentcontexts in thekata.Sucherrorscanbeeasily
removedby takinginto accounttheoverall sequenceof thetechniquesin thekata.The
bestsegmentationperformancewasobtainedwith marker set# 1. Thereasonfor this
result might be that the movementsof the feet during many of the techniqueswere
verysimilar. Oursegmentationalgorithmwassensitiveenoughto detectif actorsforgot
individualmovementsduringthekata.

3.2 Modeling of movementelementby linear combination

In thenext step,thesegmentedmovementelementswereapproximatedby linearcombi-
nationsof prototypicalmovementprimitives.Theweightsof theselinearcombinations
areuseful(1) for actoridenti�cation, if themovementcomesfrom anactorin thepro-
totypeset(2) for theestimationof skill levelsof actors,which is not in theprototype
set.

Actor identi�cation Basedon therepresentationby linearcombinationsa robustactor
identi�cation canberealized.TheSTMM is trainedwith theautomaticallysegmented
movementsfrom all actors.A new movementsequencefrom actor(

	��	�

), thatwasnot
partin thetrainingset,is approximatedby thelinearcombinationof thetrainingmove-
ment sequences.Fig. 6.a shows that the linear coef�cients 


(��

� peakexactly for the
weight of the prototype(tho). In addition, the estimatedweight of this prototypeis



closeto onefor all techniques.Thisactoridenti�cation worksfor bothtypesof feature
sets(3D markersandjoint angles).The identi�cation is thusnot basedon thespeci�c
kinematicstructureof theactor, but ratheronspeci�c spatio-temporalcharacteristics.

Coef�cients of linear combinationasbasisfor skill level estimation Thelinearcoef�-
cientscanalsobe usedasbasisfor theestimationof skill levels.For this purposethe
mappingbetweenthe linear coef�cients andan estimatefor the skill level is learned
(sec.3.3). The coef�cients re�ect the weightingof the speci�c spatio-temporalchar-
acteristicsof theprototypesfor theratedmovementpattern.We evaluatedthemethod
usinga leave-one-outparadigm.The STMM wastrainedwith the automaticallyseg-
mentedmovementsfrom a setof six prototypesexcludingtheactorthatperformedthe
testsequence.Fig. 6.bshows a typical exampleof theestimatedcoef�cients 


(��

� for a
new actor. Interestingly, the weight estimationsfor the differentmovementprimitives
aresimilar eventhoughtheactorwasnot in thetrainingset.This indicatescorrelations
in movementstylesof differentactorsthataresimilar for differentmovementelements.
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Fig.6. Left panel:Coef�cients �
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of thelinearcombinationthatapproximatesa new sequence
of actor �

���

. Theweightcorrespondingto this actorhasthe index �

�

� . (The testedsequence
wasnot in the trainingsetfor theSTMM). Right panel:Coef�cients �

-��

�

of linearcombination
approximatinga sequenceof the actor �

���

after the STMM hasbeentrainedwith a setof six
prototypesexcluding actor �

���

. Consistently, for mostmovementprimitiveshigh coef�cients
arisefor �

�	� and�

��
 .

3.3 Skill-level estimationon segments

For the estimationof the skill-levels basedon the linear coef�cients 
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� (eq. 2) we
usedRBF networks. For eachkaratetechniquea separatenetwork was trainedthat
realizesthemapping��
��
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denotestheestimate.The
networksweretrainedwith thecoef�cient vectorsfor theprototypes�
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� andthe

expertratings.
Fig. 7 (left panel)shows a comparisonbetweenthe estimatedskill levels andthe

expert ratingsfor all techniquesof a singleactor. The right panelshows theaveraged
deviations �
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for all techniques) averagedover all ac-
tors.The�gure shows that thereliability variesover themovementprimitives.A pos-
sibleexplanationis thatthetechniquesvarywith respectto their dif�culty . Verysimple
techniquesmightnotsowell differentiatebetweendifferentskill levelsasmoredif�cult
ones.

For thefurtheranalysisthetechniqueswith areliability �

�+*

5

"-, weredetermined.
Only theestimatesof theRBF networkstrainedwith thesetechniqueswerecombined
into a �nal skill level estimateby computingtheaverageof their outputs.
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Fig.7. Left panel:Comparisonbetweenthe estimates� �

��� of the skill level obtainedfrom the
individual techniquesandthe expert ratings � � �

- for oneactor(mar).The averagesof the esti-
matedandtherealskill levelsarequitesimilar (
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� vs. �
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). In particularfor techniquesthatwere
not executedcorrectlylargerdeviationsarise.Right panel:Reliability of theskill-level estimates
from thedifferentkatatechniques.Techniqueswith
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 wereusedto computetheaveraged
skill-level.

Theoverall reliability of theproposedmethodwasthentestedwith a new dataset
with sequencesfrom the 7 actorsusingonly the previously selectedtechniques.The
resultsof the skill-level estimationbasedon different featuresetsand segmentation
methodscomparedwith the expert ratingsareshown in �gure 8 andtable2. The es-
timateshave exactly the samemonotonicorderasthe expert ratingsandmatchthem
closelyin the rangeof the lower skill levels.Largerdeviationsoccurfor someactors
with higher ranks(steandchr). The estimatesof the extremeskill levels areshifted
towardslessextremevalues,likely a consequenceof the lack of trainingdataoutside
therangebetweentheseextremes.

Fig.8. Comparisonof the averagedexpert
ratings (exp) with the automaticallyesti-
mated ratings using different featuresets
(seetable2) for all actors.Theautomatices-
timatesobtainedwith differentfeaturesets
areverysimilar.

actor denmar tho joh ste chr joa
Kyu 7 6 5 5 3 2 1
Kyu�

��� 7.0 5.9 5.5 3.5 3.2 2.9 1.0
�

�
���

- 8.1 7.0 6.0 4.2 2.2 1.9 0.9
�

�

�

�
� 7.8 6.3 5.9 4.1 3.3 3.0 1.6

�

���

�
� 7.8 6.4 6.2 4.0 3.8 3.1 1.7

�

�
�

	

� 7.8 6.7 6.3 4.1 3.8 3.5 1.4

Table 2. Comparisonbetweenthebelt level (Kyu),
expertratingaveragedoverall techniques
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� ���

- , and
the estimatedskill levels for different setsof fea-
tures.Resultsare shown for automaticand man-
ual segmentationof themovementprimitives( 
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����� ). Basedon theestimate
�

�
�

	

� an estimatedbelt level Kyu�

��� wascomputed
by lineartransformationusingtheextremeskill val-
ues(1. and7. Kyu) asreferencepoints.

4 Discussion

Wehavepresentedalearning-basedmethodfor thequanti�cationof movementstylesin
sequencesof movementsthatworkson smalldatasets.Theproposedmethodis based
on establishingspatio-temporalcorrespondencebetweenlearnedprototypicalexample



sequencesandnew trajectoriesexploiting a hierarchicalalgorithmfor thecomputation
of spatio-temporalcorrespondence.We demonstratedthatthis techniqueis suitablefor
personrecognitionfrom individualmovementprimitives,andfor theestimationof skill
levelsfrom sequenceof complex movementsin sports.

Comparedto relatedmethodsfor the representationof movementstylesin com-
putervision andcomputergraphics(seesection1) the proposedmethodseemsto be
interestingfor the following reasons:(1) As demonstratedin this paperit works with
verysmalldatasets.We appliedprinciplecomponentanalysison thesametrajectories
usingthesametypeof neuralnetworksandobtainedlessaccurateestimatesof theskill
level. (2) The coef�cients of the STMM areoften intuitive to interpret,as shown in
�gure 6. (3) A furtheradvantageof theproposedmethod,which appliesalsoto some
othertechniques,is thatrepresentationof movementsequencesby linearcombinations
of learnedexamplesis alsosuitablefor synthesisof movementsequenceswith de�ned
styles[9]. Futurework will have to testtheproposedmethodonbiggerdatasets.
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