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Abstract
Motion capture hasbecomea premiere techniquefor animationof humanlike characters. To facilitate its use,
researchers havefocusedon the manipulationof data for retargeting, editing, combining, and reusingmotion
capture libraries.In manyof theseefforts joint angleplusroot trajectoriesareusedasinput,althoughthis format
requiresan inherentmappingfromtheraw datarecordedby manypopularmotioncapture set-ups.In this paper,
weproposea novel solutionto this mappingproblemfrom3D marker positiondata recordedby optical motion
capturesystemsto joint trajectoriesfor a fixedlimb-lengthskeletonusinga forward dynamicmodel.To accomplish
the mapping, we attach virtual springsto marker positionslocatedon the appropriate landmarksof a physical
simulationand apply resistivetorquesto the skeleton’s joints usinga simplecontroller. For the motioncapture
samples,joint-angleposturesare resolvedfromthesimulation’s equilibriumstate, basedon the internal torques
andexternal forces.Additional constraints,such as foot plantsandhandholds,mayalsobe treatedasaddition
forcesappliedto thesystemandare a trivial andnatural extensionto theproposedtechnique. We presentresults
for our approach asappliedto several motion-capturedbehaviors.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.5,I.3.7[ComputerGraphics]:Physically based
modeling,Animation

1. Introduction

While motioncaptureis aneffectivemeansfor animatingre-
alistic motions,theprocessof motioncapturepresentssev-
eral technical issuesthat must be resolved. One difficult
problem specifically relatedto optical motion capturefor
skeleton-driven characteranimationis the non-trivial map-
pingof themarkers,moving in Cartesian3D-space,to a rel-
ative motion representationdefinedby joint anglesplus a
body centeror root. In somecases,in additionto joint an-
gles,scalesin bonelengthsarepermittedto increasethefit
of the skeletalmotion to the raw marker databut this cor-
rectionis notalwaysdesirableasit maybedifficult to apply
seamlesslyin agivencharacter.

In this paper we addressthe mapping problem going
from 3D markersto a definedskeletonusinga constrained
three-dimensionalphysical model controlledto follow the
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Cartesian-basedmarker data.The metaphorof a dancein-
structor or a coachphysically adjusting the postureof a
danceror player leadus to the novel solutionfor mapping
presentedhere.Specifically, themarkerdataguidethephys-
ical simulationof the characterto the closestposturefor a
givensampleresolvedfrom externalforcesandinternaljoint
actuation.We considerthemappingproblemto beseparate
from theretargetingproblemaswell asskeletonestimation.
With this assumption,we focusour efforts on mappingto a
chosen,fixedlimb-lengthskeleton.

Popular tools used for mapping in production anima-
tion are commercialsoftware packagessuchas Kaydara’s
Motionbuilder (formerly Filmbox) 4 and software pack-
agedwith motioncaptureequipment,suchasVicon’sBody-
builder 19. While primarily undocumented,we believe these
systemsuseinversekinematics(IK) basedapproacheswhich
oftenleave indicative sideeffects,suchaskneesandelbows
thatnever fully extend.Thesesystemsareoftenunintuitive
to control and lead to unexpectedsolutionsdue to ad hoc
heuristics,suchas the headturning upsidedown when an
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Figure 1: Marker data,simulationwith “virtual” markers,
and resolvedinitial posture.

inversionis performed,presumablybecausetheheadis con-
strainedto remainupright. Our physically basedmapping
approachhasadvantagesover priority-based1 � 15 or simpli-
fied analytical6 IK solutions.In particular, the systemsi-
multaneouslyfinds the whole-bodypostureincluding joint
anglesandroot bodyestimateswithout compromisingend-
effectorplacementby automaticallyreducingpenaltyerrors
accordingto all the recordeddataof the sample.The ap-
proachdoesnotneedhand-craftedheuristics,doesnotcalcu-
lateintermediatebodyorientationsor joint centersanddoes
not needto give priority to any specificmarkers, suchas
thoseassociatedwith the pelvis seenin many root-centric
approaches.

1.1. Related Work

Most graphics-relatedresearchtopics in modificationand
synthesiswith human motion capture have focused on
editing data for modifications at the behavior level, as
in 3 � 6 � 13� 2 � 15� 7 amongothers.Althoughtheir focusis onmod-
ifying behaviors, many of the efforts usedatathat hasal-
ready beenmappedas joint angle data,or perform map-
ping asa pre-steputilizing numericalmethodsto solve re-
dundancy in highly articulatedfigures.Thus our work fits
nicelywith many of theapproachesproposed.In generalthe
mappingproblemis under-constrainedandoptimizationre-
quiresadditionalmetricsto find a uniqueposture.Suchad
hoc heuristicsoften include errors for end-effector and/or
joint centerpositionsor for body or joint anglevariation.
Optimization-basedIK approachesarenot new for charac-
ter animation,in general,or for skeletalmappingof motion
capture21� 1.

Someresearchershave focusedon problemsrelatedto
mapping,mainly for skeletoncreationandmodificationfor
variousformsof motiondata9 � 8 � 10. Monzaniandcolleagues
use an IK-basedapproachwith a reducedset of degrees
of freedomto find motion for charactersof varying size.
O’Brien andhis colleaguesoffer a solutionto the problem

of estimatingthejoint skeletonfor magneticdata10 asdoes
Silaghietal. for opticalmarkerdata16. Theseeffortscompli-
mentthework describedhereby offeringmethodsfor gener-
atingreasonablysizedskeletonsdirectly from thedata.Ko-
var et al. focuson an isolatedproblemof mappingfor foot
placement,a problemdubbed‘footskate’,offering a hybrid
solutionthat modifiesjoint anglesfor the leg andallows a
smallamountof leg scaling5. A slightly differentvariation
on the mappingproblemis proposedby researchersinter-
estedin applyingmotion captureto skeletal forms for hu-
manoidroboticswith limited rangesof motion18� 12

Several physical modelshave beenintroducedto mod-
ify motion capture.For example,motion may be generated
to minimize energy for transitioningbetweenmotion se-
quences14. In comparison,Roseet al. usean inversedy-
namic,ratherthan forward dynamicsolution.Popović and
Witkin usea simplifiedphysicalmodelto transformmotion
sequences13 with spacetimeconstraints.Our previouswork
focusesontrackingjoint angletrajectories22 with aphysical
modelsimulatingimpactsandreactionsfor motioncapture-
driven characters.Perhapsthe most closely relatedwork
to this usesa linear dynamic systemto constrainmotion
for synthesizingmotiontextures7. Their simplecontrolap-
proachis similar to oursbut they focusat thebehavior level
usingjoint anglesthat have alreadybeenmapped.Westen-
hoferandHahnalsooffer a similar approachfor modifying
keyframedata,usingspringsto controlasimulatedclone,in
orderto incorporatedynamiceffectsin thefinalanimation20.

2. Guiding posture with force

Whenachild is taughtto bataball,acoachangleshershoul-
ders,pointsher headandgivesher verbalpointerson how
to swing. Physical adjustmentis a useful instructionaltool
for swinginga bat, for properlyaligninga leg or anarm in
ballet, and for many other training exercisesinvolving the
physical body. From theseexamples,we introducethe no-
tion of “force asinterface” i.e. that externalforcesmay act
asa reasonableguidefor aligningskeletalpostures.

2.1. Optical marker data

Markermotioncapturedatafrom opticalsystemsis distilled
into asetof 3D Cartesianpositiontraces.The3D datais easy
to manipulatebecauseit is rotationlessandis accurate,with
mostcurrentcommercialopticalsystemsboastingarangeof
millimetersfor medium-sizemarkersin a multi-metersized
captureregion. However, thedataalsoincludeserrorsmak-
ing mappingmorecomplicated.Errorsstemfrom: poorcal-
ibrationandsystemnoise;markermovementsfrom uninten-
tional motionof cloth or skin; andotherartifactssuchasar-
ticulationthat is capturedbut not modeledin therigid-body
skeleton,like the shruggingof a collar boneor the squeez-
ing of cartilagebetweenbonesat a joint. Thus,mappingto
a characterwith a specificsetof degreesof freedom,even
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a closerepresentationin thesizeof thehumanactor, canbe
problematic,leadingto for instanceaccumulatederrorsthat
especiallypropagatein theendeffectors,creatinglargemis-
matchandfootskateespeciallyin root-centricsolutions.

2.2. Force as interface

To map optical data to a skeleton, our systemtreats all
markers with equal weight and appliesexternal forces in
responseto consecutive samplesof motion data.Starting
with an initialization process,we position markers from a
known markersetonthesimulation,specificallyweselected
thecommonRTK marker set.Interactively, we “glue” each
marker on thesimulationwheretheapproximatelandmarks
shouldappear. The initialization is completedby applying
forcesthat move the simulationfrom its startingpostureto
the initial poseof themotionsequence.Subsequently, each
datasampleusesthepreviouspostureasits initial state.The
systemautomaticallyupdatesnew marker positionsandthe
characteris simulatedforwardin timeuntil it comesto restat
anew posefor thatsample.Oncethesimulationhasstopped
moving within a set threshold,the postureis recordedand
thenext samplebegins.

A combinationof externalforcesacton theskeletonsim-
ulation while it is simulatedbetweensamples.Specifically,
thesimulationfeelsthefollowing forces:

Fexternal � Fmarker � Fdamping � Fcontact (1)

at eachtimestep.Springforces,asFmarker ��� kX, pull be-
tweenthe motion capturedatapoints and the simulation’s
equivalentmarkerswith stiffnessk. To speeduptheprocess,
eachbodypart is damped,asFdamping �	� bV, basedon the
body’s global velocity, V. This dampingallows a relatively
largesimulationtimestepto betaken,around0.01s in prac-
tice. Additional forces,Fcontact , may be appliedoptionally
for groundcollisionconstraintsasdescribedin thenext sec-
tion.

Thesimulationrespondsto thesumof theexternalforces
andto its own controlsystemto achieve eachrecordedpos-
ture.Theforcecomputationyieldstwo values,k andb, that
mustbeselectedby handthougha wide rangeof valuesap-
pearadequatefrom our inspection.For markersseatedclose
to two bodies,for example the kneeposition, springsare
addedto influencebothnearbybodies,in thiscasethelower
andupperleg, to aid in orientingtheattachedbodies.

2.3. Internal actuation

Opposingthe external forces,a simple feedbackcontroller
acts to give the skeleton somerigidity (backbone,if you
will). Internalcontrolfor thephysicalsystemis usedto dic-
tateconstraintsbasedon a neutralor "comfortable"position
for thecharacter. Torquesarecomputedas

τ � kt 
 θd � θ � � bt 
 θ̇ � (2)

whereθ and θ̇ correspondto the simulation’s currentjoint
anglesandjoint velocities,θd is thedesiredjoint angle,and
kt andbt arethegain anddampingterms,respectively. This
controllerdoesnot setexplicit joint limits but, instead,re-
lies on the underlyinghumanmotion to avoid limit viola-
tions.We setthedesiredvalueastheneutralposture,a sim-
ple arms-at-sidestandingposture.Inertia-scaledgains22 act
to reducethenumberof parametersyielding two singletor-
sionalstiffnessanddampingvaluesthatmustbetuned.

The effect of this controlleris to keepthe skeletonclose
to its neutralposturewhile the controller resistsjoint mo-
tion throughdamping.With thecontroller, thephysicalsys-
tembehaveslike a springytoy or mannequinthat is easyto
bendinto differentposturesthoughit hasa preferredstate
for eachof its joints.Thispreferencehelpsby addinga tem-
porallycoherentbiaswhenthemappingwouldbeotherwise
ambiguous.Thecollective forceandtorqueinputsmove the
skeletonto a valid but “comfortable” postureaccordingto
the3D marker positiondata,thekinematicskeletonandthe
neutralpose.To resolveaposturefrom thecollective inputs,
theforcespull thebodytowarda lowererrorposture,locally
tuggingthemarker positionon thecharacter’s body toward
themarkerrecordedpositionwhile thedampingandinternal
actuationact to resistmotion.With a reasonableamountof
damping,thesystemquickly slows to restat anequilibrium
posturefor eachsample.

3. Additional constraints

To correctfootskate,our systemis easilyadaptedto include
foot contactusinga data-driven contactmodel.We imple-
menta penalty-basedgroundconstraintto addfriction and
correctfoot penetrationwith the groundplane.We usethe
absolutevalue of the congregate velocity for the markers,
V �f oot , on eachfoot to allow thesystemto discern(or “tag”)
whenthe foot is plantedor not, automatically. If the foot is
determinedto bein contact,friction forcesareapplied.Uni-
directionalgroundreactionforcescorrectthe foot by push-
ing it above the surfaceof the groundplaneregardlessof
whetherthefoot is foundto bein motionor not:

Fcontact � Fz V �f oot 
 α
Fz � Ff ric V �f oot � α

whereα is the thresholdfor slipping,Fz pushesup usinga
unidirectionalspringbasedon the groundpenetrationerror
and Ff ric is computedas µFz and applied in the xy-plane
in thedirectionopposingthemotionof thesimulatedfoot at
thepointof contact.To createsmoothcontactthatminimizes
chatter, anarrayof suchcontactforcesarespreaduniformily
alongandacrossthebottomof thefoot model.

Poor foot contactis a commonailment of motion cap-
turemappingandretargetingthatmeritsits own attention5.
Kovar andhis colleaguespresenta stand-alonesolution to
footskatewith comparisonsof their work to thecommercial
alternative,Filmbox. In oursystem,addingsuchcorrections
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via forcesallows usto offer a completesolutionto themap-
pingproblemwithin asingleframework. Similar techniques
usinggroundcontactmodelshavebeenusedfor editingmo-
tion capturedatapreviously 11

4. Examples and implementation

Thedynamicsimulationsoftwareusedin this work is Open
DynamicEngine,a free sharewaretool 17. The articulation
we choseincludes39 independentdegreesof freedom,with
three degree-of-freedomball-and-socket joints for ankles,
knees,hips, shoulders,elbows, neck,and two joints in the
trunk.We selecteda skeletonwith theproportionsof anav-
erage,slendermale and scaledthe systemto be the same
height as the motion captureactors.No other specialized
adjustmentswere madeto fit the skeletonto the recorded
human’skinematicsor dynamics.Massandinertialparame-
tersaredeterminedby defaultwithin ODEbasedonthegeo-
metricmodelsfor thebodies.Two examplesequencesfrom
differentactorsareconsideredfor martial artsfighting and
simplewalking.A smallnumberof internalparametersand
themarker placementwereselectedby handfor themartial
artsexamplesin a straightforward,consecutive mannerand
thesystemrequirednore-tuningof thesevaluesto createthe
walkingsequence.

4.1. Martial arts

The fighting examplesshown containan array of rich be-
haviors including a variety of kicks, punchesand elbow
strikesaswell assomeupper-body blocking defenses,see
Figures3 and4.Thediversesetof examplesmakethereper-
toire ideal for showing thepower of our approach.Motions
include highly irregular, fast-pacedmotion and quick and
subtlefootwork. Throughtheexampleswe seethat thesys-
temwasableto find postureswith believablejoint anglesfor
a largerangeof differentmarkerpositions.

4.2. Walking

While walking motion is more tameand slow-pacedthan
the fighting examples,walking behaviors commonlyyield
footskateartifactsfrom the mappingprocess.Our example
includesthe foot constrainingforcesandshows crisp foot-
plantsthat arealignedwith the original data,seeFigure5.
Usingthefoot constraint,thesystemautomaticallyidentifies
whenthefoot is stationaryor not,re-orientsthefoot to avoid
penetrationwith the groundplane,appliesfriction to resist
motion asappropriatewhile maintainingthe subtlemotion
of thefoot.

5. Conclusions

We presenta straightforward generalapproachto a com-
plex mappingproblemthat canbe implementedeasilyus-
ing availablesoftware.A smallnumberof parameterswere

Figure 2: Time-lapsedsamplingof motion from two con-
secutive karatekicks.Noticehow uniform and smooththe
final posturesamplesappearin kicking legto theleft of the
image.

handtunedto build sucha systembut it is our intentionto
makeaversionof thesoftwarefreelyavailablesothatothers
canavoid this tuningprocess.Theresultingposturemotion
is smooth,ascanbe seenin Figure2 which shows a time-
lapsedrenderingof aseriesof karatekicks.

While it was unnecessaryfor creating the examples
shown, several additionsto the systemseemappealing.In-
herently, thetechniquetrivially overlookssmallglitchesand
outliersin thedatabecauseeachspring’s effect is small,re-
lying little on eachindividual marker. But, to furtherensure
that outliersarenot problematic,we could adda featurein
which thespringturnsoff if its magnitudehits somethresh-
old. If caughtbeforebeingappliedsuchforcescanbe pre-
ventedfrom effecting theposture.Second,we have not im-
plementedjoint limits, insteadrelyingonthemotioncapture
datato preventundesirablepostures.But with internalcon-
trol appliedat eachjoint, it seemsreasonableto add joint
limits explicitly aswell.

Thougheffective, theapproachdescribedhaslimitations.
Our systemdoesnot solve theskeletonestimationproblem
and would likely benefit from a working skeletonestima-
tor. An importantconsiderationwhenmapping3D positions
to a skeleton is whetherthe scalingof limbs is permissi-
ble. It is often not. With respectto oddly-shapedor highly
non-humanlike characters,we believe a secondaryprocess
would bebeneficial.While our systemcansustainandcor-
rect for differencesbetweenthe skeletonand the recorded
actor’s kinematics,mappingfirst to a closeapproximation
would give a goodstartingpoint for subsequentretargeting.
Becausemappingis usuallyan offline process,speeddoes

c
�

TheEurographicsAssociation2003.



ZordanandVanDer Horst / Mappingoptical data

Figure 3: Closeup stills showing marker placement(lighter spheresshow motioncapture,darker arevirtual markers).

Figure 4: Filmstrip of a kicking motion, framesspacedat 0.17sec.

Figure 5: Filmstrip of walking motion, framesspacedat 0.50sec.

not presenta problem.The systemcurrent runsatinterac-
tiveratesaround2-3frame/secondona2.4GHzPentiumIV
processor. However, a truereal-timesystemwould bemore
ideal becauseit would allow for real-timemotion capture
animationof theskeleton.

Among the benefitsof our approachis that it is not tied
to a single marker set and any of many markers setsmay
be usedaslong asa templateis setup. This set-upentails
placingthe markerson the virtual landmarksor closestap-
proximationson thecharacterskeleton.This is themostla-
bor intensiveaspectof theapproachdescribed.However, for
eachnew marker set, this processmust only be repeated
once.Motion captureusing a marker set that targets this
techniquewould be ideal.Sucha custommarker setwould
evenly dispersemarkerson the bodiesaiding the mapping
system.Also, the approachdoesnot rely on any individual
dataspecificallybut findssolutionsasthecongregateof all
the markers for a given sample,smoothinglarge full-body
disturbancesover time.

Opticalsystemsfor motioncapturearebecomingincreas-

ingly popular. And data in the form of Cartesianmotion
datafrom suchsystemsmust be mappedto be useful,not
just by commercialproductsbut by programmersin many
a researchlab andproductionhousewho wish to usenovel
marker setsor customsystems.Whetherin productssup-
plied to consumersor for users“cleaning" their own data,
this simplephysically basedapproachwill be a useful tool
for thoseinterestedin reliably generatingreasonablejoint
anglesfrom 3D positiontrajectories.
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