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Abstract

Motion capture has becomea premiee techniquefor animationof humanlile characters. To facilitate its use

reseachers havefocusedon the manipulationof data for retargeting editing combining and reusingmotion
captue libraries.In manyof theseefforts joint angleplusroottrajectoriesare usedasinput, althoughthis format
requiresan inherentmappingfromthe raw datarecodedby manypopularmotioncaptuie set-upsin this paper

we proposea novel solutionto this mappingproblemfrom 3D marker positiondata recodedby optical motion
captue systemso joint trajectoriesfor a fixedlimb-lengthskeletonusinga forward dynamianodel.To accomplish
the mapping we attach virtual springsto marker positionslocatedon the appropriate landmarksof a physical
simulationand apply resistivetorquesto the skeletons joints usinga simplecontroller. For the motion captue

samplesjoint-angle postuesare resolvedromthe simulations equilibrium state basedon the internal torques
and external forces.Additional constaints, sud as foot plantsand handholds, mayalso be treatedas addition

forcesappliedto the systemand are a trivial and natural extensionto the proposedecdnique We presentresults
for our appmoac asappliedto several motion-captuedbehavios.

Catgoriesand SubjectDescriptors(accordingto ACM CCS} 1.3.5,1.3.7[ComputerGraphics]:Physically based

modeling,Animation

1. Introduction

While motioncaptures aneffective meandor animatingre-
alistic motions,the processf motion capturepresentser-
eral technicalissuesthat must be resohed. One difficult
problem specifically relatedto optical motion capturefor
skeleton-drven characteranimationis the non-trivial map-
ping of themarkers,moving in CartesiarBD-spaceto arel-
ative motion representatiorefinedby joint anglesplus a
body centeror root. In somecasesjn additionto joint an-
gles,scalesn bonelengthsare permittedto increasethe fit
of the skeletalmotion to the raw marlker databut this cor
rectionis notalwaysdesirableasit maybedifficult to apply
seamlesslyn agivencharacter

In this paperwe addressthe mapping problem going
from 3D markersto a definedskeletonusinga constrained
three-dimensionaphysical model controlledto follow the
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Cartesian-baserharker data. The metaphorof a dancein-
structor or a coachphysically adjustingthe postureof a
danceror playerleadus to the novel solutionfor mapping
presentedhere.Specifically the marker dataguidethe phys-
ical simulationof the charactelito the closestposturefor a
givensampleresolhedfrom externalforcesandinternaljoint
actuation We considerthe mappingproblemto be separate
from theretagetingproblemaswell asskeletonestimation.
With this assumptionwe focusour efforts on mappingto a
chosenfixedlimb-lengthskeleton.

Populartools usedfor mappingin production anima-
tion are commercialsoftware packagesuchas Kaydaras
Motionbuilder (formerly Filmbox) 4 and software pack-
agedwith motioncaptureequipmentsuchasVicon’s Body-
builder 19, While primarily undocumentedye believe these
systemaiseinversekinematicg 1K) basedapproachewhich
oftenleave indicative sideeffects,suchaskneesandelbows
that never fully extend.Thesesystemsare often unintuitive
to control and lead to unexpectedsolutionsdueto ad hoc
heuristics,suchas the headturning upsidedown whenan
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Figure 1: Marker data,simulation with “virtual” markers,
andresohedinitial posture.

inversionis performed presumablypbecaus¢he headis con-
strainedto remainupright. Our physically basedmapping
approachhasadvantagesover priority-based! 15 or simpli-
fied analytical® IK solutions.In particular the systemsi-
multaneouslyfinds the whole-bodypostureincluding joint
anglesandroot body estimatesvithout compromisingend-
effector placemenby automaticallyreducingpenaltyerrors
accordingto all the recordeddataof the sample.The ap-
proachdoesnotneedhand-craftedheuristicsdoesnotcalcu-
lateintermediatebody orientationsor joint centersanddoes
not needto give priority to ary specific marlers, suchas
thoseassociatedvith the pelvis seenin mary root-centric
approaches.

1.1. Related Work

Most graphics-relatedesearchtopics in modificationand
synthesiswith human motion capture have focused on
editing data for modifications at the behaior level, as
in 3 6132 157 gmongothers Althoughtheirfocusis on mod-
ifying behaiors, mary of the efforts use datathat hasal-
ready beenmappedas joint angle data, or perform map-
ping asa pre-steputilizing numericalmethodsto solwve re-
dundang in highly articulatedfigures. Thus our work fits
nicely with mary of theapproacheproposedin generathe
mappingproblemis underconstrainecand optimizationre-
quiresadditionalmetricsto find a uniqueposture.Suchad
hoc heuristicsoften include errorsfor end-efector and/or
joint centerpositionsor for body or joint angle variation.
Optimization-basedK approachesire not new for charac-
ter animation,in generalor for skeletalmappingof motion
capture?l 1,

Someresearcherhiave focusedon problemsrelatedto
mapping,mainly for skeletoncreationand modificationfor
variousformsof motiondata?® 8 19, Monzaniandcolleagues
use an IK-based approachwith a reducedset of degrees
of freedomto find motion for characterof varying size.
O’Brien andhis colleagueffer a solutionto the problem

of estimatingthe joint skeletonfor magneticdatal® asdoes
Silaghietal. for opticalmarker datal®. Theseefforts compli-
mentthework describedhereby offering methodgor gener

atingreasonablysizedskeletonsdirectly from the data.Ko-

var et al. focuson anisolatedproblemof mappingfor foot
placementa problemdubbedfootskate’, offering a hybrid

solutionthat modifiesjoint anglesfor the leg and allows a
smallamountof leg scaling®. A slightly differentvariation
on the mappingproblemis proposedby researcherinter

estedin applying motion captureto skeletal forms for hu-
manoidroboticswith limited rangesf motion18 12

Several physical modelshave beenintroducedto mod-
ify motion capture.For example,motion may be generated
to minimize enegy for transitioning betweenmotion se-
guencest®. In comparisonRoseet al. usean inversedy-
namic, ratherthan forward dynamicsolution. Popwit and
Witkin usea simplified physicalmodelto transformmotion
sequence¥ with spacetimesonstraintsOur previouswork
focuseontrackingjoint angletrajectories? with a physical
modelsimulatingimpactsandreactiongor motion capture-
driven charactersPerhapsthe most closely related work
to this usesa linear dynamic systemto constrainmotion
for synthesizingnotiontextures’. Their simplecontrol ap-
proachis similar to oursbut they focusat the behaior level
usingjoint anglesthat have alreadybeenmappedWesten-
hoferandHahnalsooffer a similar approactfor modifying
keyframedata,usingspringsto controla simulatedclone,in
ordertoincorporatedynamiceffectsin thefinal animation?®.

2. Guiding posturewith force

Whenachild is taughtto bataball, acoachangleshershoul-
ders,pointsher headand gives her verbal pointerson how
to swing. Physical adjustmenis a usefulinstructionaltool
for swinginga bat, for properlyaligningaleg or anarmin
ballet, and for mary othertraining exercisesinvolving the
physical body From theseexamples,we introducethe no-
tion of “force asinterface”i.e. that externalforcesmay act
asareasonablguidefor aligningskeletalpostures.

2.1. Optical marker data

Marker motioncapturedatafrom optical systemss distilled
into asetof 3D CartesiarpositiontracesThe3D datais easy
to manipulatebecausét is rotationlessandis accuratewith
mostcurrentcommerciabpticalsystemsoastinga rangeof
millimetersfor medium-sizemarkersin a multi-metersized
captureregion. However, the dataalsoincludeserrorsmak-
ing mappingmorecomplicated Errorsstemfrom: poor cal-
ibrationandsystermoise;marker movementdrom uninten-
tional motionof cloth or skin; andotherartifactssuchasar
ticulationthatis capturedout not modeledin therigid-body
skeleton,like the shruggingof a collar boneor the squeez-
ing of cartilagebetweenbonesat a joint. Thus,mappingto
a charactemwith a specificsetof degreesof freedom,even
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a closerepresentatioim the sizeof the humanactor canbe
problematic)eadingto for instanceaccumulatectrrorsthat
especiallypropagtein theendeffectors,creatinglarge mis-
matchandfootskateespeciallyin root-centricsolutions.

2.2. Forceasinterface

To map optical datato a skeleton, our systemtreatsall
markers with equalweight and appliesexternal forcesin
responseto consecutie samplesof motion data. Starting
with an initialization processwe position markers from a
known marker setonthe simulation specificallywe selected
the commonRTK marler set.Interactvely, we “glue” each
marler on the simulationwherethe approximatdandmarks
shouldappear The initialization is completedby applying
forcesthat move the simulationfrom its startingpostureto
theinitial poseof the motion sequenceSubsequentlyeach
datasampleusesthepreviouspostureasits initial state.The
systemautomaticallyupdatesnen marker positionsandthe
charactefts simulatedorwardin time until it comego restat
anew posefor thatsample Oncethe simulationhasstopped
moving within a setthreshold the postureis recordedand
thenext samplebegins.

A combinationof externalforcesacton the skeletonsim-
ulation while it is simulatedbetweensamples Specifically
the simulationfeelsthefollowing forces:

Feortact ()

at eachtimestep.Springforces,as Fnarker kX, pull be-

tweenthe motion capturedatapoints and the simulations

equivalentmarkerswith stiffnessk. To speeduptheprocess,
eachbody partis dampedasFyamping bV, basednthe

body’s global velocity, V. This dampingallows a relatively

large simulationtimestepto betaken,around0.01sin prac-
tice. Additional forces, Feortast, may be applied optionally
for groundcollision constraintaassdescribedn thenext sec-
tion.

Fedtemal  Fmarker Fdamping

Thesimulationrespondgo the sumof the externalforces
andto its own control systemto achieve eachrecordedoos-
ture. Theforce computationyieldstwo values k andb, that
mustbe selectedby handthougha wide rangeof valuesap-
pearadequatérom our inspection For markersseatedtlose
to two bodies,for examplethe knee position, springsare
addedo influencebothnearbybodies,in this casethelower
andupperleg, to aid in orientingthe attachedodies.

2.3. Internal actuation

Opposingthe external forces,a simple feedbackcontroller
actsto give the skeleton somerigidity (backbone,if you
will). Internalcontrolfor the physical systemis usedto dic-
tateconstraintdasedn aneutralor "comfortable"position
for thecharacterTorquesarecomputedas

T k6 6 b6 2
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where® and 8 correspondo the simulation’ currentjoint
anglesandjoint velocities,fy is the desiredoint angle,and
k andb arethe gainanddampingterms,respectiely. This
controller doesnot setexplicit joint limits but, instead re-
lies on the underlyinghumanmotion to avoid limit viola-
tions.We setthe desiredvalueasthe neutralposture a sim-
ple arms-at-sidestandingposture Inertia-scaledjains?2 act
to reducethe numberof parameteryielding two singletor-
sionalstiffnessanddampingvaluesthatmustbetuned.

The effect of this controlleris to keepthe skeletonclose
to its neutral posturewhile the controller resistsjoint mo-
tion throughdamping.With the controller the physical sys-
tembehaeslike a springytoy or mannequirthatis easyto
bendinto differentpostureshoughit hasa preferredstate
for eachof its joints. This preferencénelpsby addinga tem-
porally coherenbiaswhenthe mappingwould be otherwise
ambiguousThecollective forceandtorqueinputsmove the
skeletonto a valid but “comfortable” postureaccordingto
the 3D marler positiondata,the kinematicskeletonandthe
neutralpose.To resole a posturefrom the collective inputs,
theforcespull thebodytowardalower errorposturejocally
tuggingthe marker positionon the charactes body toward
themarlker recordedositionwhile thedampingandinternal
actuationactto resistmotion. With a reasonabl@mountof
damping.the systemquickly slows to restat anequilibrium
posturefor eachsample.

3. Additional constraints

To correctfootskate pur systemis easilyadaptedo include
foot contactusing a data-drven contactmodel. We imple-
menta penalty-basedroundconstraintto add friction and
correctfoot penetratiorwith the groundplane.We usethe
absolutevalue of the congreate velocity for the marlers,
Voq, ON eachfoot to allow the systemto discern(or “tag”)

whenthefoot is plantedor not, automatically If thefoot is
determinedo bein contact/riction forcesareapplied.Uni-

directionalgroundreactionforcescorrectthe foot by push-
ing it above the surface of the ground planeregardlessof
whetherthefoot is foundto bein motionor not:

F Vfocx a
F Ffric Vioa O

wherea is the thresholdfor slipping, Fz pushesup usinga
unidirectionalspringbasedon the groundpenetratiorerror
and Fi(ic is computedas pF; and appliedin the xy-plane
in the directionopposingthe motionof the simulatedfoot at
thepointof contact.To createsmoothcontacthatminimizes
chatteranarrayof suchcontactforcesarespreacduniformily
alongandacrosghe bottomof thefoot model.

Feortaat {

Poor foot contactis a commonailment of motion cap-
ture mappingandretagetingthat meritsits own attention®.
Kovar and his colleaguegpresenta stand-alonesolutionto
footskatewith comparison®f their work to the commercial
alternatve, Filmbox. In our systemaddingsuchcorrections
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via forcesallows usto offer acompletesolutionto the map-
ping problemwithin asingleframework. Similartechniques
usinggroundcontactmodelshave beenusedfor editingmo-
tion capturedatapreviously 11

4. Examples and implementation

The dynamicsimulationsoftwareusedin this work is Open
DynamicEngine,a free sharevaretool 7. The articulation
we choseincludes39 independentlegreesof freedom with
three degree-of-freedomball-and-sockt joints for ankles,
knees,hips, shoulderselbawns, neck,andtwo joints in the
trunk. We selectedh skeletonwith the proportionsof anav-
erage,slendermale and scaledthe systemto be the same
height as the motion captureactors.No other specialized
adjustmentsvere madeto fit the skeletonto the recorded
humans kinematicsor dynamics Massandinertial parame-
tersaredeterminedy defaultwithin ODE basednthegeo-
metric modelsfor the bodies.Two examplesequenceffom
differentactorsare consideredor martial artsfighting and
simplewalking. A smallnumberof internalparameterand
the marker placemenivere selectedby handfor the martial
artsexamplesin a straightforvard, consecutie mannerand
thesystenrequirednore-tuningof thesevaluesto createthe
walking sequence.

4.1. Martial arts

The fighting examplesshavn containan array of rich be-
haviors including a variety of kicks, punchesand elbov

strikesaswell as someupperbody blocking defensessee
Figures3 and4. Thediversesetof examplesmake thereper

toire idealfor shawing the power of our approachMotions
include highly irregular, fast-pacedmotion and quick and
subtlefootwork. Throughthe exampleswe seethatthe sys-
temwasableto find postureswith believablejoint anglesfor

alargerangeof differentmarker positions.

4.2. Walking

While walking motion is more tame and slow-pacedthan
the fighting examples,walking behaiors commonlyyield
footskateartifactsfrom the mappingprocessOur example
includesthe foot constrainingforcesand shaws crisp foot-
plantsthat are alignedwith the original data,seeFigure5.
Usingthefoot constraintthesystemautomaticallyidentifies
whenthefoot s stationaryor not, re-orientshefoot to avoid
penetrationwith the groundplane,appliesfriction to resist
motion as appropriatewhile maintainingthe subtlemotion
of thefoot.

5. Conclusions

We presenta straightforward generalapproachto a com-
plex mappingproblemthat can be implementedeasily us-
ing availablesoftware.A smallnumberof parametersvere

Figure 2: Time-lapsedsampling of motion from two con-
secutie karate kicks. Notice how uniform and smooththe
final posturesamplesappearin kicking legto theleft of the
image.

handtunedto build sucha systembut it is our intentionto
male aversionof thesoftwarefreely availablesothatothers
canavoid this tuning processTheresultingposturemotion
is smooth,ascanbe seenin Figure 2 which shawvs a time-
lapsedrenderingof a seriesof karatekicks.

While it was unnecessaryfor creating the examples
shavn, several additionsto the systemseemappealingIn-
herently thetechniquerivially overlookssmallglitchesand
outliersin the databecauseachsprings effectis small, re-
lying little on eachindividual marker. But, to furtherensure
that outliersare not problematic we could add a featurein
which the springturnsoff if its magnitudehits somethresh-
old. If caughtbeforebeingappliedsuchforcescanbe pre-
ventedfrom effecting the posture Secondwe have notim-
plementedoint limits, insteadrelyingonthemotioncapture
datato preventundesirableposturesBut with internalcon-
trol appliedat eachjoint, it seemsreasonabldo add joint
limits explicitly aswell.

Thougheffective, the approactdescribechaslimitations.
Our systemdoesnot solwve the skeletonestimationproblem
and would likely benefitfrom a working skeletonestima-
tor. An importantconsideratiowhenmapping3D positions
to a skeletonis whetherthe scaling of limbs is permissi-
ble. It is often not. With respectto oddly-shapedr highly
non-humanlile charactersye believe a secondanprocess
would be beneficial. While our systemcansustainandcor-
rect for differencesbetweenthe skeletonandthe recorded
actors kinematics,mappingfirst to a close approximation
would give a goodstartingpoint for subsequentetageting.
Becausemappingis usually an offline processspeeddoes
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Figure 3: Closeup stills showving marker placement(lighter spheresshowv motion capture,darker are virtual markers).

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

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

not presenta problem. The systemcurrentrunsatinterac-
tive ratesaround2-3frame/seconéna2.4 GHz PentiumlV
processarHowever, a truereal-timesystemwould be more
ideal becausat would allow for real-time motion capture
animationof the skeleton.

Among the benefitsof our approachs thatit is not tied
to a single marker setand ary of mary markers setsmay
be usedaslong asa templateis setup. This set-upentails
placingthe markerson the virtual landmarksor closestap-
proximationson the characteskeleton.This is the mostla-
borintensie aspecof theapproachdescribedHowever, for
eachnew marker set, this processmust only be repeated
once. Mation captureusing a marker set that tamgets this
techniquewould be ideal. Sucha custommarker setwould
evenly dispersemarkers on the bodiesaiding the mapping
system Also, the approachdoesnot rely on ary individual
dataspecificallybut finds solutionsasthe congreate of all
the markersfor a given sample,smoothinglarge full-body
disturbancesvertime.

Opticalsystemdor motioncapturearebecomingncreas-
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ingly popular And datain the form of Cartesianmotion
datafrom suchsystemsmustbe mappedto be useful, not
just by commercialproductsbut by programmersn mary
aresearcHab andproductionhousewho wish to usenovel
marler setsor customsystemsWhetherin productssup-
plied to consumersr for users“cleaning"” their own data,
this simple physically basedapproachwill be a usefultool
for thoseinterestedin reliably generatingreasonablgoint
anglesfrom 3D positiontrajectories.
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