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Abstract. Thispapemresentanoptimizationframevork for estimatinghemo-
tion andunderlyingphysicalparametersf arigid bodyin free ight from video.
The algorithmtakesa video clip of atumbling rigid body of known shapeand
generates physical simulationof the object obsered in the video clip. This
solutionis found by optimizing the simulationparameterso bestmatchthe mo-
tion obseredin thevideo sequenceThesesimulationparameterincludeinitial
positionsand velocities,ervironmentparameterdik e gravity directionand pa-
rametersof the cameraA global objective function computeshe sumsquared
differencebetweenthe silhouetteof the objectin simulationand the silhouette
obtainedrom videoateachframe.Applicationsincludecreatingnterestingigid
body animations trackingcomple rigid body motionsin video and estimating
camergparameterfrom video.

L\’\T AT

Fig. 1. Fourframesof atumbling objectsuperimposedeft) anda physicalsimulationgenerated
from the estimatedmotion parametersThe objectis throwvn from right to left. Our optimization
frameavork computesthe object, cameraand ernvironment parameterso matchthe simulated
wireframeobjectwith thevideoat every frame.



1 Intr oduction

Themotionof realobjectsis governedby theirunderlyingphysicalpropertiesandtheir
interactionswith the ervironment.For example,a coin tossedin the air undegoesa
complex motionthatdepend®nits initial position,orientation.andvelocity atthetime
atwhichit is thrown. Replacingthe coin with a bowling pin producesa distinctly dif-
ferentmotion,indicatingthatmotionis alsoin uencedby shapemasdistribution,and
otherintrinsic propertiesof the object.Finally, the ervironmentalsoaffectsthe motion
of anobject,throughthe effectsof gravity, air drag,andcollisions.

In this paperwe presenta framawork for recovering physicalparameterof objects
andenvironmentsfrom videodata.We focusspeci cally on the caseof computingthe
parametersinderlyingthe motionof atumblingrigid objectin free ight assuminghe
objectshapeandmasddistribution areknown. Our algorithmmodelstumblingdynam-
ics usingordinarydifferentialequationswhoseparameterincludegravity, inertiaand
initial velocities.We presentan optimizationframework to identify thesephysicalpa-
rameterdrom video.

Our dynamicmodelcaptureghetruerotationalphysicsof atumblingrigid body. This
aspectdistinguishesour work from prior work in motion tracking and analysis[4, 7,
11,5], wherethe focusis on identifying object kinematics,i.e., motion trajectories.
Moreover, our algorithmusesinformationfrom all framesin thevideosequencsimul-
taneouslyunlike feedforward Iter basednethodsFigure2 comparesheresultsof our
of ine batchalgorithmwith anonline Kalman Iter appliedto a syntheticexampleof
2D ballistic motionwith gaussiamoise.Our algorithmtriesto nd thebestt parabola
to thedata,whereasa Kalman lter ts ahigherordercurve to the data.Althoughthe
Kalman lter approachradksthe databetter our algorithm nds the true parameters
describingthe physicsof the ballistic motion. Theseparametersannow be usedto
animateaparticlein simulation thatmoveslike thegivendata.However, mosttracking
tasksrequireonly kinematicpropertiesandtherefore pur approactof accuratelymod-
eling the underlyingphysicsmight seemto be unnecessargr prohibitively dif cult.

We arguethatestimatingphysicalparametertasimportantbene tsfor theanalysisof
rigid-body motion. First, the useof an accurategphysicalmodelactually simpli es the
taskof recovering kinematics,sincethe completemotion is determinedoy the initial

stateanda smallnumberof otherparametersSecondtherecoseredmodelenableghe
behavior of theobjectto be predictedin new or unseerconditions.For instancefrom a
shortvideoclip of aobjectatary pointin its trajectory we canreasorfrom whereit was
launchedandwhereandin whatattitudeit will land. This sameability allows the path
to be followed through occlusions In addition,we can predicthow the objectwould
behaein differentconditions,.e., with moreangularvelocity. In the samemanneyby
recoveringparametersf the environment,we canpredicthow differentobjectswould
move in thatervironment.As oneapplicationof measuringhe ervironment,we shov
how estimatingthe directionof gravity in animagesequence&anbe usedto rectify a
videoto correctfor cameraoll.



We estimateparametersf arigid-bodymotionwith anoptimizationthatseek4o match
theresultingmotionwith the framesof the video sequenceRatherthanoperatingin a
feed-fornard manner asis typical of objecttrackingtechniqueg16,17,7,4], we cast
the problemin a global optimizationframewnork thatoptimizesover all framesat once.
Using this framework, we shav how it is possibleto simultaneouslycomputethe ob-
ject, cameraandervironmentparameterérom video data.Unlike previous analytical
methodg15, 14], ourmethoddoesnotrequireary velocity, accelerationgr torquemea-
surementso computethe body stateasa function of time. Furthermoreanimportant
elementof our estimationapproachs thatit reliesonly on easilycomputablemetrics
suchasimagesilhouettesand2D boundingboxes,avoiding theneedto computeoptical
o w or trackfeatureson the objectover time. Our optimizeremploys general-purpose
rigid-body simulatorg[1] thatmodela wide rangeof behaiors, suchascollisionsand
articulatedstructures.
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Fig. 2. lllustrating the differenceshetweenparameteestimationusing optimization(left) anda
Kalman lter (right) onasimplistic2D example.Theinput datais thetrajectoryof a pointmass
in free ight, corruptedwith gaussiamoise.Our optimizationalgorithmusesall the datapoints
simultaneouslyto t a paththatglobally satis esphysicallaws; in this simplecasea parabolic
path.TheKalman Iter processethedatasequentiallyand ts ahigherordercure to the data.

2 RelatedWork

Several researcheré the computervision communityhave focussedon the problem
of extractingbody shapeandcameramotionfrom video[23,12,8]. Thereis very little
work on extractingthe underlyingphysicalpropertiesof the objector theervironment.
Severalgroups[20, 3] have modeledthe dynamicsof point massegfree ight andcol-
lisions) from videoto designcontrollersfor robotsperformingjuggling or playing air
hockey. Ghoshetal. [9] useestimatiortheoryto recoverthericcatidynamicsandshape



of planarobjectsusingoptical o w. Masutaniet al. [15] describesanalgorithmto ex-

tractthe inertial parameter®f a tumbling rigid body from video. Their systemtracks
featurepointsin theimagesto getinstantaneouselocity measurementand usesthe
Poinsots solution[22] to computethe inertial parametersThe problemof simultane-
ouslyrecoveringthe physicalparametersf the object,cameraandervironmentfrom

asinglecamerahasnotbeenpreviously addressed.

Our work is closely relatedto prior work on model basedtrackingin computervi-
sion[11,5,21,4,7,24,17,16]. However, the notionof adynamicmodelin thetracking
literatureis differentfrom the one presentechere.We useordinary differentialequa-
tionsto modelthe non-linearrotationaldynamicsof tumblingrigid bodies,andextract
its parameterfrom video. Theseparametericludeinitial velocities,gravity andiner-
tias.In contrastmostof the prior trackingalgorithmsusea Kalman lIter to updatethe
statevariablesof themoving object.In mary instancesthe dynamicmodelthatrelates
the currentand previous statesis extremely simple [11,5]. However, they are suf-
cientfor trackingrigid-body motions[11] or for navigation[5, 21]. Kalman lters have
alsobeensuccessfullyappliedto trackarticulated24] andnon-rigidmotion[16,17] in
video.The lter basedechniquesrefeed-forwardin natureandareideally suitedfor
tracking applications Our techniqueworks of ine usinginformationfrom all frames
simultaneouslyo estimatethe physicalparameters.

Several techniqueshave beendeveloped[19, 6] to estimatethe parameter®f a sim-
ulation to designcomputeranimationsof rigid bodies.Although thesemethodshave
beenusedfor synthesisto date they have notbeenusedto analyzemotionfrom video.
Ourtechniqueis similar to recentparameteestimationtechniquedor designingrigid
bodyanimationdgn computergraphicg19,18].

3 Problem Statement

Our goalis to infer the physicalparametersinderlyingthe motion of a rigid body in
free ight from a pre-recordedideo sequencef its motion. Free ight motion of the
rigid bodyin videois determinecdy arelatively small setof parametersThey canbe
cateyorizedinto threegroups:

— Object Parameters We distinguishtwo typesof objectparametersintrinsic pa-
rametergobjectshapemassdistribution andlocationof centerof mass) extrinsic
parametersinitial position,orientation,velocity, angularvelocity).

— Environment Parameters Parametersuchasgravity directionandair drag.

— Camera: We distinguishtwo typesof cameraparametersintrinsic (focal length,
principle point, etc.),extrinsic parametergpositionandorientation).

In this paper we extractthe extrinsic parameter®f the objectandthe directionof the
gravity vector We assumehatthe shapeandinertial propertieof the objectareknown
andthe effectof air dragis negligible. Withoutlossof generalitywe placetheorigin of
theworld coordinatesystemat the cameracenter with the principle axesalignedwith
thecameracoordinatesystemDueto thechoiceof this coordinatesystemthedirection



of gravity depend®n the orientationof the cameraandis notnecessarilyertical.

We emplgy the standardmathematicaimodel from classicalmechanicgo represent
themotion of arigid bodyin free ight. A setof nonlinearordinarydifferentialequa-
tions (ODE) modelthe motion of arigid body by computingthe evolution of its state,
whichincludesthebody's positionandvelocities,overtime. As aresult,themotionof a
rigid bodyis succinctlydescribedy theparameterthataffectthe solutionof the ODE.
We usetheterm simulationto referto the processof computingthe body's motion by
integratingthe ODE.

4 Estimation from Video

In this section,we describethe equationsof motion of a rigid bodyin free ight, and
identify the parametershat affect the motion. We presentan optimizationframework
to identify theseparameterfrom avideosequence.

4.1 Equationsof Motion

Thetumblingmotionof arigid bodyin free ight is characterisedy its position,orien-
tation,linearandangularvelocity. Let usde ne thestate

to be the valuesof theseparameterattime . and specify
the positionandorientationin a world coordinatesystem.We usea quaterniorrepre-
sentatiorto representhe orientationwith four parameters. and
specifythelinearandangularvelocity coordinatesThetime derivative of thestate
calledthe simulationfunction , is governedby the ODE

_ — 4.1)
Here, is the inertia matrix in world coordinatesand is the
acceleratiordueto gravity. The product refersto the quaterniormultiplication. The
state atary timeinstant is determinedy integratingEq (4.1):

4.2)

The stateat ary time depend®ntheinitial state andinertial matrix. In this

paperwe assumehattheinertiamatrixis known. Consequentlyit is sufcient to solve
for theinitial state whichwe denoteby

4.2 Estimating Parametersfrom 3D data

Thesstateof thebody describeshe con gurationof thebodyatany time. Fromthe
state atary time ,wecancomputehestate atary othertime by running



the simulationforwardsor backwards.However, obtainingthe full stateinformation
from therealworld requiredinearandangularvelocity measurementsyhich arehard
to measureaccurately

4.3 Estimating Parametersfrom Video

Thissectiondescribesechniqueso extractthesimulationparameters
from video. In this paper we recoverthe objectparameters andgravity direction
. The gravity directionin our frameawork is encodedy two angles(tilt androll).
Video provides strong cuesaboutthe instantaneouposeand velocitiesof an object.
However, the complex motion of a tumblingrigid body limits the informationthatcan
be reliably extractedfrom video. In particular it is dif cult to tracka pointon atum-
bling objectover mary framesbecausef self occlusion.The high speedf typical
tumbling motionsinducessigni cant motion blur making measurementkk e optical
0 W verynoisy. In contrastijt is easierto measureheboundingbox or silhouetteof a
tumblingbody.

We solve for simulationparameters by minimizingtheleastsquareerrorbetweerthe
silhouettesrom videoandsilhouettegrom the simulationat eachframe.The detailsof
this optimizationaregivenin Section5. The objectparameterén our formulationin-
cludebothinitial positionandvelocities.Alternatively, we canreducethe searchspace
by rst recoveringthe 3D pose(positionandorientation)from the sequencesingprior
vision techniquesand then optimizing for the velocitiesthat generatehe setof 3D
posesSeveralresearcherm therecognitioncommunitydescribealgorithmsto recover
the3D poseof anobjectfrom silhouette$13, 10]. Let

bethesequencef posesomputedrom asequencef framesTheoptimizationalgo-
rithm nds a feasiblesolutionfor theinitial linearandangularvelocity by minimizing
thefollowing objectie function:

(4.3)
where is the positionand is the orientationof the object(in simulation)
attime for the currentestimateof inital velocities and . Section5

providesdetailson computingthe analyticalderivativesrequiredfor this minimization.

Although this methodreducesthe numberof variablesto be optimized,its perfor
mancedepend®on the accuray of the poseestimate®btainedfrom silhouettesSince
recognition-basedhethodsdo not enforcedynamics(they operateon a perframeba-
sis), they might introducediscontinuitiesin posemeasurementdeadingto incorrect
solutionsfor initial velocities.Hence we decidedto optimizefor the poseandvelocity
andgravity parametersimultaneouslyn ourframework. However, theerrorspacewith
our formulationhasseverallocal minima, andhenceour techniques sensitve to ini-
tialization.Moreover, fasttumblingmotioncouldresultin aliasingproblemsgspecially
with slow camerasHence the solutionobtainedfrom optimizationis not unique The
detailsof this optimizationaregivenin Section5.



5 Optimization

This sectiondescribeghe detailsof the unconstrainedptimizationemployedto esti-
matephysicalparameterfrom video. The algorithmsolvesfor the object,cameraand
environmentparametersimultaneouslyvhich generatea simulationthatbestmathes
thevideoclip. We useshape-basenhetricsto compareherealandsimulatedmotions.
The resultingobjective function computeshe sum squareddifferencesof the metric
overall theframesin thesequenceOuralgorithmworksof ine andanalyzesll frames
in thevideosequenc# computeheparametersiVe rst preprocesthevideoto obtain
abackgroundnodelof the sceneThen,we sggmentthe moving objectandcomputeits

boundingbox andsilhouetteat eachframe.The boundingbox B is storeda vectorof

four numberswhich arethe positionsof its extremecornersThesilhouetteS is repre-
sentedby abinaryimageenclosedvithin theboundingbox.

Recallthat the motion of a rigid body is fully determinedby the parameters. For
a given setof parametersthe optimizer simulatesthe motionto computethe bound-
ing boxe andsilhouetteat eachframe. It also computeshe gradientsof the metrics,
which is usedto updatethe parameterén the next optimizationstep.The goal of the
optimizationalgorithmis to minimize the deviation betweerthe silhouettef the sim-
ulatedmotionandthe silhouettesletectedn thevideo sequenceWe provide aninitial

estimatefor the parameterp andusea gradientdescento updateit at eachstepof
the optimization.Gradientbasedmethodsare fast,and with reasonablénitialization,
convergequickly to thecorrectlocal minima.

5.1 Obijective Function

The objective function measureshe differencebetweenthe motion obsenedin video

andthemotioncomputedn thesimulation.For example ateveryframe,ourimplemen-
tationperformsa pixel by pixel comparisorbetweerthesilhouettefrom simulationand

silhouettefrom videoandcomputes sumsquaredlifference Thisamountgo counting

the non-overlappingpixels betweenrthe two silhouettesat eachframe. This difference
is accumulatedver all theframesin thesequenceAlternatively, we couldcomparehe

secondmomentsof the silhouetteat eachframe,and computea SSD of the moments
over all frames.Theobjective functionfor the silhouettemetrichastheform:

(5.1)

where and is thesilhouetteobtainedattime from thevideoandsimulation
respectiely. Gradientdescenis usedto minimize this error function. The updaterule
for parameterss:

— (5.2)

where isthemagnitudeof thestepin thegradientirection.Thefollowing subsections
describethe gradientcomputatiorin detail.



5.2 Gradient Computation

The optimizationalgorithmrequirescomputingthe gradientof the objective function.
Thisin turn, requirescomputingthe gradientf the silhouetteat eachframe.Although
the state is a continuousfunction of the parameters (Eq. 4.1), quantitieslike
boundingboxes and silhouettesare not continuouslydifferentiablefunctions of pa-
rameters . Onestraightforward approachs to computethe gradientsof the metrics
(e.q. ) numerically using nite differencesThis, however, hastwo major
drawbacks.First, computingthe gradientsof the metric with respectto (initial

conditions)using nite differencess extremelyslow, sincethe simulationfunctionhas
to be evaluatedseveral timesduring the gradientcomputation Secondly determining
robuststepsizesthatyield anaccuratenite differenceapproximationis dif cult. We

resortto a hybrid approactHor computingthe gradientsFirst, we analyticallycompute
the gradientsof the statewith respecto parameters . We thencomputethe
derivative of the metricwith respecto thestateusing nite differencese.g.

We usethe chainrule to combinethe two gradients:

- (5.3)

Sincethe metric (e.g.silhouette ) depend®nly onthe positionandorientationterms
of the state , the gradient canbe computedquickly andaccuratelyusing
nite differencesFinally, we notethatthecamergparameterslo notdependonthe 3D
stateof the object. Therefore we use nite differenceso computethe gradientswith

respecto gravity vector

Jacobian for FreeFlight The motion of arigid body in free ight (in 3D) is fully

determinedby the control vector . Rewriting Eq. (4.1) to show this dependence
explicitly yields:
—_— (5.4)
We evaluatethe jacobian attime by numericallyintegratingthe
equation
— (5.5)
until time  with the initial condition . We usea fourth order Runge-

Kuttamethodwith x edstepsizeto performthis numericalintegration.

Derivativesof Silhouettes We use nite differenceso computethe derivative of sil-
houettewith respecto the currentstate . We computethe silhouetteat the given
stateby renderingthe simulatedobject. The derivative of the silhouettewith respecto
ascalarcomponent of thestate hastheform:

_— (5.6)



Thejacobianof thesilhouetteis obtainedby applyingchainrule

- (5.7)

Derivativeswith Respectto Gravity direction We computethe jacobianof the sil-
houettewith respectto a scalarcomponent of the gravity direction using
nite differencesasshawn:

S (5.8)

Theoveralljacobianmatrix is givenby:

— (5.9)

6 Results

OursystemhasthreemainmodulesPreprocessorRigid bodysimulatorandOptimizer

We rst preprocesshevideosequencéo computethe silhouettesandboundingboxes
of the rigid object. We build a backgroundmodelfor the sceneand use autoregres-
sive lters [2] to sgmentthe moving objectfrom the backgroundWe thencompute
the boundingbox andsilhouettemetricsfrom the sgmentedmageat eachframe.Our

tumblingvideosequencearetypically 35-40frameslong whencapturedwith adigital

cameraoperatingat 30 Hz. The optimizertypically takesa coupleof minutesto com-
putethe parameterfrom the sequencena SGI R12000processar

Experiment 1: The goalof this exampleis to matchthe motion of a simulationwith a
complex tumbling motion of a T shapedbject(Figure3). Our userinterfacelets the
userspecify an approximatevaluefor the initial positionsandvelocitiesof the body.
The algorithm robustly estimateshe initial position andlinear velocity, even with a
poorinitial guessHowever, it is very sensitve to theinitial estimateof the orientation
andangularvelocities.From numerousxperimentswe have foundthe error spaceof
the silhouettemetric to be very noisy, containingmary local minima. However, with
areasonablénitialization for the orientationandangularvelocity parametersye nd
thatour algorithmcornvergesto areasonabléocal minima. This corvergences seenn
Figure 3(a), wherethe overall motion of the simulationcloselymatcheghe motionin
video. We superimposé¢he boundingboxesobtainedfrom simulationonto the frames
fromvideo(thewhite boxesin the rst row) to shav thematch We alsoshav thematch
betweerthe trajectoryof a cornerpointin video with the correspondindrajectoryin
simulation.The smallsquareboxesshaw thetrajectoryof a cornerpoint, identi ed by
hand,from thevideosequenceTheserajectoriesareshavn for visualizationpurposes
only andarenot usedin the optimization.As the algorithmproceedsthe trajectoryof
the 3D cornerpointin simulation(blackline) overlapswith theseboxes.This sequence



alsohighlightssomelimitationswith our optimizationframewvork andmetrics.Row (c)
shavs anexamplewherethe simulatedandthe real objecthave totally differentorien-
tationsbut have silhouetteghat look very similar. Finally, we notethat our algorithm
generates 3D reconstructiorof the object’s trajectorythat matcheshe given video
sequence.

Experiment 2: Theobjective of this experimentis to predictthe motionof arigidbody
in along video sequencef free ight from a subsebf framesof the samesequence.
Figures4 and5 shaw two differentvideoclips of arigid bodyin free ight, with differ-
entmotiontrajectoriesWe matchthe motionof the shorterclip to a simulationanduse
thesimulationparameterso predictthemotionof thelongerclip.

In Figure 4, the objecttumblesaboutits major axis, andthe essencef this motionis
capturedn theshortersequence-encethe simulationparametersomputecby match-
ing this small sequenceorrectlypredictsthe motionin the overall clip. However, the
motion of the objectin Figure5 is aboutthe body's intermediateaxis, and is much
morecomplicatedSmallerrorsin theestimatedraluesof simulationparametersesults
in large orientationerrorin the predictedframes,astime increasesWe seethis effect
in theresultsobtainedn Figure5.

Experiment 3: Our algorithmoptimizesthe directionof the gravity vectoralongwith
themotionparameterférom avideosequencerigure6 shavs resultsof roll correction
performedusing the parameter®btainedfrom our optimizationalgorithm. The rst
row shaws four framesof a video sequenceapturedfrom a camerawith signi cant
roll distortion.We computethe camerapitch androll parametersvhich minimize the
silhouetteerror. Theseparameterareusedto warpthe original sequencsuchthatthe
cameraverticalaxisalignswith thegravity vector Thelastrow showstheresultof this
recti cation. Noticethatthe peoplein the rst row arein a slantedpose whereaghey
areuprightin thelastrow.

7 Conclusion

This paperdescribesan optimizationframeawork to extract the motion and underly-
ing physicalparametersf arigid bodyfrom video. Thealgorithmminimizesthe least
squareerror betweerthe silhouettebtainedin simulationandsilhouettedrom video
ateachframe.The papermpresentsa gradientbasedapproacttio performthis minimiza-
tion.

The error spaceof the silhouettesis very noisy with mary local minima. From our
experimentswe have noticedseveral differentcombinationf initial orientationsand
angularvelocitieswhich resultin silhouettesequencethatlook similar. This is espe-
cially truefor shortersequencesyherethereis notenoughinformation(from video)to
uniquelyidentify thetrue controlparametersMoreover, the performancef our simple
gradientdescentalgorithmis sensitve to the initial guessfor the control parameters.
We areworking onimplementingoettergradientbaseptimizationalgorithmsandus-



Fig. 3. Computingthe parametersf a T-shapedbjectthrown in theair. The rst row (a) shavs
a few framesfrom the video (right to left) andthe correspondinghysicalsimulationgenerated
by our algorithm.Theboundingboxesfrom simulationaresuperimposedver thevideoto shav
the match. The small squareboxesindicatethe trajectoryof a cornerpoint in video. The thin
line indicatesthe motion of the correspondingornerin simulation.Row (b) shavs theresultsof
the algorithmat differentstagef optimization.Notice thatthe matchimprovesasthe number
of iterationsincreasesRow (c) highlightsa limitation of the silhouettebasedmetric. Note that
althoughthe orientationof the simulatedobjectis ipped relative to the real object,they both
have similar silhouettes



Fig. 4. Predictingthe motion of tumbling bodiesin video. The rst row shawvs a long sequence
of atumbling objectthrown from right to left. We selecta portion of this sequenc@ndmatchits
motionin simulation.The secondrow shavs a portion of the original clip containednsidethe
yellow box,andthecorrespondingramesof a simulation.We usetheseparameterto predictthe

motionof thetumbling objectacrossghewholesequence.



Fig. 5. Predictingthe motionof acomplicatedumblingobject. Thesecondow shavs thematch
betweena small portion of the video clip anda simulation.The simulationmatcheghe video
quitewell for the framesonwhichit optimized,but the smallerrorspropogateso largererrorin

thepredictedframes.



Fig. 6. Usingrigid-body motion estimationto correctfor cameraroll. An objectis thrown in the
air from left to right (top row) andcapturedrom avideocamerawith signi cant roll. Thevideois
dif cult towatchonaccountbf theimagerotation. Themotionof theobjectis estimatedmiddle
row), aswell asthe cameraoll (de ned by the orientationwith respecto the gravity direction).

Thevideoframesareautomaticallyrecti ed to correctfor the cameraoll.



ing a mixture of discrete-continuoutechniquegor multiple initializations. Silhouette
metrichasdif culties handlingmotionsof symmetricobjects especiallywhenmultiple

posesf the objectprojectto similar silhouettesWe areinvestigatinghe useof simple
colorbasedechniquego alleviatethis problem.We areinterestedn optimizingfor the

objectintrinsic parametertik e thelocationof the centerof massandtheinertiamatrix

usingour frameawork. We arealsolooking at applyingour framework to otherdomains
like cloth andarticulatedbodies.
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