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Abstract. Thispaperpresentsanoptimizationframework for estimatingthemo-
tion andunderlyingphysicalparametersof a rigid bodyin free�ight from video.
The algorithmtakesa video clip of a tumbling rigid body of known shapeand
generatesa physicalsimulationof the object observed in the video clip. This
solutionis foundby optimizingthesimulationparametersto bestmatchthemo-
tion observedin thevideosequence.Thesesimulationparametersincludeinitial
positionsandvelocities,environmentparameterslike gravity directionandpa-
rametersof the camera.A global objective function computesthe sumsquared
differencebetweenthe silhouetteof the object in simulationand the silhouette
obtainedfrom videoateachframe.Applicationsincludecreatinginterestingrigid
body animations,trackingcomplex rigid body motionsin video andestimating
cameraparametersfrom video.

Fig.1. Four framesof a tumblingobjectsuperimposed(left) andaphysicalsimulationgenerated
from theestimatedmotionparameters.Theobjectis thrown from right to left. Our optimization
framework computesthe object, cameraand environmentparametersto matchthe simulated
wireframeobjectwith thevideoat every frame.



1 Intr oduction

Themotionof realobjectsis governedby theirunderlyingphysicalpropertiesandtheir
interactionswith the environment.For example,a coin tossedin the air undergoesa
complex motionthatdependsonits initial position,orientation,andvelocityat thetime
at which it is thrown. Replacingthecoin with a bowling pin producesa distinctly dif-
ferentmotion,indicatingthatmotionis alsoin�uencedby shape,massdistribution,and
otherintrinsicpropertiesof theobject.Finally, theenvironmentalsoaffectsthemotion
of anobject,throughtheeffectsof gravity, air drag,andcollisions.

In this paperwe presenta framework for recovering physicalparametersof objects
andenvironmentsfrom videodata.We focusspeci�cally on thecaseof computingthe
parametersunderlyingthemotionof a tumblingrigid objectin free�ight assumingthe
objectshapeandmassdistributionareknown. Our algorithmmodelstumblingdynam-
ics usingordinarydifferentialequations,whoseparametersincludegravity, inertiaand
initial velocities.We presentanoptimizationframework to identify thesephysicalpa-
rametersfrom video.

Our dynamicmodelcapturesthetruerotationalphysicsof a tumblingrigid body. This
aspectdistinguishesour work from prior work in motion trackingandanalysis[4, 7,
11,5], wherethe focus is on identifying object kinematics,i.e., motion trajectories.
Moreover, ouralgorithmusesinformationfrom all framesin thevideosequencesimul-
taneously, unlikefeedforward�lter basedmethods.Figure2 comparestheresultsof our
of�ine batchalgorithmwith anonlineKalman�lter appliedto a syntheticexampleof
2D ballisticmotionwith gaussiannoise.Ouralgorithmtriesto �nd thebest�t parabola
to thedata,whereasa Kalman�lter �ts a higherordercurve to thedata.Althoughthe
Kalman�lter approachtracks the databetter, our algorithm�nds the true parameters
describingthe physicsof the ballistic motion. Theseparameterscannow be usedto
animateaparticlein simulation,thatmoveslike thegivendata.However, mosttracking
tasksrequireonly kinematicpropertiesandtherefore,our approachof accuratelymod-
eling theunderlyingphysicsmightseemto beunnecessaryor prohibitively dif�cult.

We arguethatestimatingphysicalparametershasimportantbene�ts for theanalysisof
rigid-bodymotion.First, theuseof an accuratephysicalmodelactuallysimpli�es the
taskof recoveringkinematics,sincethe completemotion is determinedby the initial
stateandasmallnumberof otherparameters.Second,therecoveredmodelenablesthe
behavior of theobjectto bepredictedin new or unseenconditions.For instance,from a
shortvideoclip of aobjectatany point in its trajectory, wecanreasonfrom whereit was
launchedandwhereandin whatattitudeit will land.This sameability allows thepath
to be followed throughocclusions. In addition,we canpredicthow the objectwould
behave in differentconditions,i.e.,with moreangularvelocity. In thesamemanner, by
recoveringparametersof theenvironment,we canpredicthow differentobjectswould
move in thatenvironment.As oneapplicationof measuringtheenvironment,we show
how estimatingthedirectionof gravity in an imagesequencecanbe usedto rectify a
videoto correctfor cameraroll.



Weestimateparametersof arigid-bodymotionwith anoptimizationthatseeksto match
theresultingmotionwith theframesof thevideosequence.Ratherthanoperatingin a
feed-forwardmanner, asis typical of objecttrackingtechniques[16,17,7,4], we cast
theproblemin a globaloptimizationframework thatoptimizesoverall framesat once.
Using this framework, we show how it is possibleto simultaneouslycomputetheob-
ject, camera,andenvironmentparametersfrom videodata.Unlike previousanalytical
methods[15,14],ourmethoddoesnotrequireany velocity, acceleration,or torquemea-
surementsto computethebodystateasa functionof time. Furthermore,an important
elementof our estimationapproachis that it reliesonly on easilycomputablemetrics
suchasimagesilhouettesand2D boundingboxes,avoidingtheneedto computeoptical
�o w or trackfeatureson theobjectover time. Our optimizeremploys general-purpose
rigid-bodysimulators[1] thatmodela wide rangeof behaviors,suchascollisionsand
articulatedstructures.
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Fig.2. Illustrating thedifferencesbetweenparameterestimationusingoptimization(left) anda
Kalman�lter (right) on a simplistic2D example.Theinput datais thetrajectoryof a point mass
in free�ight, corruptedwith gaussiannoise.Our optimizationalgorithmusesall thedatapoints
simultaneouslyto �t a paththatglobally satis�esphysicallaws; in this simplecase,a parabolic
path.TheKalman�lter processesthedatasequentiallyand�ts ahigherordercurve to thedata.

2 RelatedWork

Several researchersin the computervision communityhave focussedon the problem
of extractingbodyshapeandcameramotionfrom video[23,12,8]. Thereis very little
work onextractingtheunderlyingphysicalpropertiesof theobjector theenvironment.
Severalgroups[20,3] havemodeledthedynamicsof point masses(free�ight andcol-
lisions) from video to designcontrollersfor robotsperformingjuggling or playingair
hockey. Ghoshetal. [9] useestimationtheoryto recoverthericcatidynamicsandshape



of planarobjectsusingoptical �o w. Masutaniet al. [15] describesanalgorithmto ex-
tract the inertial parametersof a tumbling rigid body from video.Their systemtracks
featurepoints in the imagesto get instantaneousvelocity measurementsandusesthe
Poinsot's solution[22] to computethe inertial parameters.Theproblemof simultane-
ouslyrecoveringthephysicalparametersof theobject,camera,andenvironmentfrom
a singlecamerahasnotbeenpreviouslyaddressed.

Our work is closely relatedto prior work on model basedtracking in computervi-
sion[11,5,21,4,7,24,17,16]. However, thenotionof adynamicmodelin thetracking
literatureis differentfrom the onepresentedhere.We useordinarydifferentialequa-
tionsto modelthenon-linearrotationaldynamicsof tumblingrigid bodies,andextract
its parametersfrom video.Theseparametersincludeinitial velocities,gravity andiner-
tias.In contrast,mostof theprior trackingalgorithmsusea Kalman�lter to updatethe
statevariablesof themoving object.In many instances,thedynamicmodelthatrelates
the currentand previous statesis extremely simple [11,5]. However, they are suf�-
cientfor trackingrigid-bodymotions[11] or for navigation[5,21]. Kalman�lters have
alsobeensuccessfullyappliedto trackarticulated[24] andnon-rigidmotion[16,17] in
video.The�lter basedtechniquesarefeed-forwardin natureandareideally suitedfor
trackingapplications.Our techniqueworks of�ine using informationfrom all frames
simultaneouslyto estimatethephysicalparameters.

Several techniqueshave beendeveloped[19,6] to estimatethe parametersof a sim-
ulation to designcomputeranimationsof rigid bodies.Although thesemethodshave
beenusedfor synthesis,to date,they havenotbeenusedto analyzemotionfrom video.
Our techniqueis similar to recentparameterestimationtechniquesfor designingrigid
bodyanimationsin computergraphics[19,18].

3 Problem Statement

Our goal is to infer the physicalparametersunderlyingthe motion of a rigid body in
free �ight from a pre-recordedvideosequenceof its motion.Free�ight motionof the
rigid body in videois determinedby a relatively smallsetof parameters.They canbe
categorizedinto threegroups:

– Object Parameters: We distinguishtwo typesof objectparameters:intrinsic pa-
rameters(objectshape,massdistribution andlocationof centerof mass),extrinsic
parameters(initial position,orientation,velocity, angularvelocity).

– Envir onmentParameters: Parameterssuchasgravity directionandair drag.
– Camera: We distinguishtwo typesof cameraparameters:intrinsic (focal length,

principlepoint,etc.),extrinsicparameters(positionandorientation).

In this paper, we extract theextrinsic parametersof theobjectandthedirectionof the
gravity vector. Weassumethattheshapeandinertialpropertiesof theobjectareknown
andtheeffectof air dragis negligible.Without lossof generality, weplacetheorigin of
theworld coordinatesystemat thecameracenter, with theprincipleaxesalignedwith
thecameracoordinatesystem.Dueto thechoiceof thiscoordinatesystem,thedirection



of gravity dependson theorientationof thecamera,andis notnecessarilyvertical.

We employ the standardmathematicalmodel from classicalmechanicsto represent
themotionof a rigid body in free �ight. A setof nonlinearordinarydifferentialequa-
tions(ODE) modelthemotionof a rigid bodyby computingtheevolution of its state,
whichincludesthebody'spositionandvelocities,overtime.As aresult,themotionof a
rigid bodyis succinctlydescribedby theparametersthataffectthesolutionof theODE.
We usethetermsimulationto refer to theprocessof computingthebody's motionby
integratingtheODE.

4 Estimation fr om Video

In this section,we describetheequationsof motionof a rigid body in free �ight, and
identify theparametersthataffect themotion.We presentan optimizationframework
to identify theseparametersfrom a videosequence.

4.1 Equationsof Motion

Thetumblingmotionof arigid bodyin free�ight is characterisedby its position,orien-
tation,linearandangularvelocity. Let usde�ne thestate���������
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calledthesimulationfunction ,
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Here, B

����� is the inertia matrix in world coordinates,and @SRT�0UV
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-U%� is the
accelerationdueto gravity. Theproduct < refersto thequaternionmultiplication.The
state������� at any time instant�[�\��] is determinedby integratingEq (4.1):
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Thestateat any time ������� dependson the initial state������`a� andinertial matrix. In this
paper, weassumethattheinertiamatrix is known.Consequently, it is suf�cient to solve
for theinitial state,whichwedenoteby g�hjiKk .

4.2 Estimating Parametersfr om 3D data

Thestateof thebody ������� describesthecon�gurationof thebodyatany time.Fromthe
state������lm� atany time �nl , wecancomputethestate�����poj� atany othertime �po by running



the simulationforwardsor backwards.However, obtainingthe full stateinformation
from therealworld requireslinearandangularvelocitymeasurements,which arehard
to measureaccurately.

4.3 Estimating Parametersfr om Video

Thissectiondescribestechniquestoextractthesimulationparametersg �
�

g[hjiKk




g
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from video.In this paper, we recover theobjectparametersg hjiKk andgravity direction
g

����� . Thegravity directionin our framework is encodedby two angles(tilt androll).
Video providesstrongcuesaboutthe instantaneousposeandvelocitiesof an object.
However, thecomplex motionof a tumblingrigid bodylimits theinformationthatcan
bereliably extractedfrom video.In particular, it is dif�cult to tracka point on a tum-
bling objectover many framesbecauseof self occlusion.The high speedsof typical
tumbling motionsinducessigni�cant motion blur makingmeasurementslike optical
�o w verynoisy. In contrast,it is easierto measuretheboundingbox or silhouettesof a
tumblingbody.

We solvefor simulationparametersg by minimizing theleastsquareerrorbetweenthe
silhouettesfrom videoandsilhouettesfrom thesimulationateachframe.Thedetailsof
this optimizationaregiven in Section5. Theobjectparametersin our formulationin-
cludebothinitial positionandvelocities.Alternatively, we canreducethesearchspace
by �rst recoveringthe3D pose(positionandorientation)from thesequenceusingprior
vision techniques,and thenoptimizing for the velocitiesthat generatethe set of 3D
poses.Severalresearchersin therecognitioncommunitydescribealgorithmsto recover
the3Dposeof anobjectfromsilhouettes[13,10].Let �0� ���
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bethesequenceof posescomputedfrom asequenceof
�

frames.Theoptimizationalgo-
rithm �nds a feasiblesolutionfor theinitial linearandangularvelocity by minimizing
thefollowing objective function:
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where �

�

���moj� is thepositionand �

�

���moj� is theorientationof theobject(in simulation)
at time � � �mo for the currentestimateof inital velocities !

����`a� and ������`a� . Section5
providesdetailsoncomputingtheanalyticalderivativesrequiredfor thisminimization.

Although this methodreducesthe numberof variablesto be optimized, its perfor-
mancedependson theaccuracy of theposeestimatesobtainedfrom silhouettes.Since
recognition-basedmethodsdo not enforcedynamics(they operateon a per frameba-
sis), they might introducediscontinuitiesin posemeasurements,leadingto incorrect
solutionsfor initial velocities.Hence,we decidedto optimizefor theposeandvelocity
andgravity parameterssimultaneouslyin ourframework.However, theerrorspacewith
our formulationhasseveral local minima,andhenceour techniqueis sensitive to ini-
tialization.Moreover, fasttumblingmotioncouldresultin aliasingproblems,especially
with slow cameras.Hence,thesolutionobtainedfrom optimizationis not unique. The
detailsof this optimizationaregivenin Section5.



5 Optimization

This sectiondescribesthedetailsof theunconstrainedoptimizationemployedto esti-
matephysicalparametersfrom video.Thealgorithmsolvesfor theobject,camera,and
environmentparameterssimultaneouslywhich generatea simulationthatbestmatches
thevideoclip. We useshape-basedmetricsto comparetherealandsimulatedmotions.
The resultingobjective function computesthe sumsquareddifferencesof the metric
overall theframesin thesequence.Ouralgorithmworksof�ine andanalyzesall frames
in thevideosequenceto computetheparameters.We�rst preprocessthevideoto obtain
abackgroundmodelof thescene.Then,wesegmentthemoving objectandcomputeits
boundingbox andsilhouetteat eachframe.The boundingbox B is storeda vectorof
four numbers,whicharethepositionsof its extremecorners.ThesilhouetteS is repre-
sentedby abinaryimageenclosedwithin theboundingbox.

Recall that the motion of a rigid body is fully determinedby the parametersp. For
a given setof parameters,the optimizersimulatesthe motion to computethe bound-
ing boxe andsilhouetteat eachframe.It alsocomputesthe gradientsof the metrics,
which is usedto updatethe parametersin the next optimizationstep.The goal of the
optimizationalgorithmis to minimizethedeviationbetweenthesilhouettesof thesim-
ulatedmotionandthesilhouettesdetectedin thevideosequence.We provideaninitial
estimatefor the parametersp andusea gradientdescentto updateit at eachstepof
the optimization.Gradientbasedmethodsarefast,andwith reasonableinitialization,
convergequickly to thecorrectlocalminima.

5.1 ObjectiveFunction

Theobjective functionmeasuresthedifferencebetweenthemotionobservedin video
andthemotioncomputedin thesimulation.For example,ateveryframe,ourimplemen-
tationperformsapixel by pixel comparisonbetweenthesilhouettefrom simulationand
silhouettefrom videoandcomputesasumsquareddifference.Thisamountsto counting
thenon-overlappingpixelsbetweenthe two silhouettesat eachframe.This difference
is accumulatedoverall theframesin thesequence.Alternatively, wecouldcomparethe
secondmomentsof thesilhouetteat eachframe,andcomputea SSDof themoments
overall frames.Theobjective functionfor thesilhouettemetrichastheform:
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where�
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����� and �
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���n� is thesilhouetteobtainedat time � from thevideoandsimulation
respectively. Gradientdescentis usedto minimize this error function.Theupdaterule
for parametersis:
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where� is themagnitudeof thestepin thegradientdirection.Thefollowingsubsections
describethegradientcomputationin detail.



5.2 Gradient Computation

Theoptimizationalgorithmrequirescomputingthegradientsof theobjective function.
This in turn,requirescomputingthegradientsof thesilhouetteateachframe.Although
the state � ����� is a continuousfunction of the parametersg (Eq. 4.1), quantitieslike
boundingboxes and silhouettesare not continuouslydifferentiablefunctionsof pa-
rametersg . Onestraightforward approachis to computethe gradientsof the metrics
(e.g.
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g ) numerically, using �nite differences.This, however, hastwo major
drawbacks.First, computingthe gradientsof the metric with respectto g h iKk (initial
conditions)using�nite differencesis extremelyslow, sincethesimulationfunctionhas
to be evaluatedseveral timesduring the gradientcomputation.Secondly, determining
robuststepsizesthat yield anaccurate�nite differenceapproximationis dif�cult. We
resortto a hybridapproachfor computingthegradients.First,we analyticallycompute
thegradientsof thestatewith respectto parameters
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g . We thencomputethe
derivativeof themetricwith respectto thestateusing�nite differences,e.g.
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We usethechainrule to combinethetwo gradients:
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Sincethemetric(e.g.silhouette� ) dependsonly on thepositionandorientationterms
of the state � , the gradient
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� canbe computedquickly andaccuratelyusing
�nite differences.Finally, wenotethatthecameraparametersdonotdependon the3D
stateof the object.Therefore,we use�nite differencesto computethe gradientswith
respectto gravity vector g

����� .

Jacobian for FreeFlight The motion of a rigid body in free �ight (in 3D) is fully
determinedby the control vector g

hjiKk . Rewriting Eq. (4.1) to show this dependence
explicitly yields:
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We evaluatethe jacobian
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g�hjiKk at time ��] by numericallyintegratingthe
equation
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until time ��] with the initial condition
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g�hjiKk . We usea fourth orderRunge-
Kuttamethodwith �x edstepsizeto performthisnumericalintegration.

Derivativesof Silhouettes We use�nite differencesto computethederivative of sil-
houettewith respectto thecurrentstate �

���j� . We computethe silhouetteat the given
stateby renderingthesimulatedobject.Thederivativeof thesilhouettewith respectto
a scalarcomponent� l of thestate� hastheform:
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Thejacobianof thesilhouetteis obtainedby applyingchainrule
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(5.7)

Derivativeswith Respectto Gravity dir ection We computethe jacobianof the sil-
houettewith respectto a scalarcomponent�

l
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of the gravity direction g

����� using
�nite differences,asshown:




�




�

l

���

�

� � 	��


��

� ���
	

�

`

�

�[�

g

�����

b�� �

l

���

�

�

A

�[�

g

�����

�

� �

l

���

�

	

(5.8)

Theoverall jacobianmatrix is givenby:
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6 Results

Oursystemhasthreemainmodules:Preprocessor, RigidbodysimulatorandOptimizer.
We �rst preprocessthevideosequenceto computethesilhouettesandboundingboxes
of the rigid object.We build a backgroundmodel for the sceneanduseautoregres-
sive �lters [2] to segmentthe moving object from the background.We thencompute
theboundingbox andsilhouettemetricsfrom thesegmentedimageat eachframe.Our
tumblingvideosequencesaretypically 35-40frameslongwhencapturedwith adigital
cameraoperatingat 30 Hz. Theoptimizertypically takesa coupleof minutesto com-
putetheparametersfrom thesequenceona SGIR12000processor.

Experiment 1: Thegoalof this exampleis to matchthemotionof a simulationwith a
complex tumbling motion of a T shapedobject(Figure3). Our userinterfacelets the
userspecifyan approximatevaluefor the initial positionsandvelocitiesof the body.
The algorithmrobustly estimatesthe initial position and linear velocity, even with a
poor initial guess.However, it is very sensitive to theinitial estimateof theorientation
andangularvelocities.Fromnumerousexperiments,we have foundtheerrorspaceof
the silhouettemetric to be very noisy, containingmany local minima.However, with
a reasonableinitialization for theorientationandangularvelocity parameters,we �nd
thatouralgorithmconvergesto a reasonablelocalminima.Thisconvergenceis seenin
Figure3(a),wheretheoverall motionof thesimulationcloselymatchesthemotion in
video.We superimposetheboundingboxesobtainedfrom simulationonto the frames
from video(thewhiteboxesin the�rst row) to show thematch.Wealsoshow thematch
betweenthe trajectoryof a cornerpoint in videowith the correspondingtrajectoryin
simulation.Thesmallsquareboxesshow thetrajectoryof a cornerpoint, identi�ed by
hand,from thevideosequence.Thesetrajectoriesareshown for visualizationpurposes
only andarenot usedin theoptimization.As thealgorithmproceeds,thetrajectoryof
the3D cornerpoint in simulation(blackline) overlapswith theseboxes.Thissequence



alsohighlightssomelimitationswith ouroptimizationframework andmetrics.Row (c)
shows anexamplewherethesimulatedandtherealobjecthave totally differentorien-
tationsbut have silhouettesthat look very similar. Finally, we notethatour algorithm
generatesa 3D reconstructionof the object's trajectorythat matchesthe given video
sequence.

Experiment 2: Theobjectiveof thisexperimentis to predictthemotionof a rigidbody
in a long videosequenceof free �ight from a subsetof framesof thesamesequence.
Figures4 and5 show two differentvideoclipsof a rigid bodyin free�ight, with differ-
entmotiontrajectories.We matchthemotionof theshorterclip to asimulationanduse
thesimulationparametersto predictthemotionof thelongerclip.

In Figure4, theobjecttumblesaboutits majoraxis,andtheessenceof this motion is
capturedin theshortersequence.Hencethesimulationparameterscomputedby match-
ing this small sequencecorrectlypredictsthemotion in theoverall clip. However, the
motion of the object in Figure5 is aboutthe body's intermediateaxis, and is much
morecomplicated.Smallerrorsin theestimatedvaluesof simulationparametersresults
in largeorientationerror in thepredictedframes,astime increases.We seethis effect
in theresultsobtainedin Figure5.

Experiment 3: Our algorithmoptimizesthedirectionof thegravity vectoralongwith
themotionparametersfrom a videosequence.Figure6 showsresultsof roll correction
performedusing the parametersobtainedfrom our optimizationalgorithm.The �rst
row shows four framesof a video sequencecapturedfrom a camerawith signi�cant
roll distortion.We computethecamerapitch androll parameterswhich minimize the
silhouetteerror. Theseparametersareusedto warptheoriginal sequencesuchthatthe
cameraverticalaxisalignswith thegravity vector. Thelastrow showstheresultof this
recti�cation. Noticethat thepeoplein the �rst row arein a slantedpose,whereasthey
areuprightin thelastrow.

7 Conclusion

This paperdescribesan optimizationframework to extract the motion and underly-
ing physicalparametersof a rigid bodyfrom video.Thealgorithmminimizestheleast
squareerrorbetweenthesilhouettesobtainedin simulationandsilhouettesfrom video
at eachframe.Thepaperpresentsa gradientbasedapproachto performthis minimiza-
tion.

The error spaceof the silhouettesis very noisy with many local minima. From our
experiments,we have noticedseveraldifferentcombinationsof initial orientationsand
angularvelocitieswhich resultin silhouettesequencesthat look similar. This is espe-
cially truefor shortersequences,wherethereis notenoughinformation(from video)to
uniquelyidentify thetruecontrolparameters.Moreover, theperformanceof oursimple
gradientdescentalgorithmis sensitive to the initial guessfor the control parameters.
Weareworkingon implementingbettergradientbasedoptimizationalgorithmsandus-



Fig.3. Computingtheparametersof a T-shapedobjectthrown in theair. The�rst row (a) shows
a few framesfrom thevideo(right to left) andthecorrespondingphysicalsimulationgenerated
by ouralgorithm.Theboundingboxesfrom simulationaresuperimposedover thevideoto show
the match.The small squareboxes indicatethe trajectoryof a cornerpoint in video. The thin
line indicatesthemotionof thecorrespondingcornerin simulation.Row (b) shows theresultsof
thealgorithmat differentstagesof optimization.Notice that thematchimprovesasthenumber
of iterationsincreases.Row (c) highlightsa limitation of thesilhouettebasedmetric.Note that
althoughthe orientationof the simulatedobject is �ipped relative to the real object,they both
have similar silhouettes



Fig.4. Predictingthemotion of tumblingbodiesin video.The �rst row shows a long sequence
of a tumblingobjectthrown from right to left. We selecta portionof thissequenceandmatchits
motion in simulation.Thesecondrow shows a portion of theoriginal clip containedinsidethe
yellow box,andthecorrespondingframesof asimulation.Weusetheseparametersto predictthe
motionof thetumblingobjectacrossthewholesequence.



Fig.5. Predictingthemotionof acomplicatedtumblingobject.Thesecondrow shows thematch
betweena small portion of the video clip anda simulation.The simulationmatchesthe video
quitewell for theframesonwhich it optimized,but thesmallerrorspropogatesto largererrorin
thepredictedframes.



Fig.6. Usingrigid-bodymotionestimationto correctfor cameraroll. An objectis thrown in the
air from left to right (toprow) andcapturedfrom avideocamerawith signi�cant roll. Thevideois
dif�cult to watchonaccountof theimagerotation.Themotionof theobjectis estimated(middle
row), aswell asthecameraroll (de�ned by theorientationwith respectto thegravity direction).
Thevideoframesareautomaticallyrecti�ed to correctfor thecameraroll.



ing a mixtureof discrete-continuoustechniquesfor multiple initializations.Silhouette
metrichasdif�culties handlingmotionsof symmetricobjects,especiallywhenmultiple
posesof theobjectprojectto similar silhouettes.We areinvestigatingtheuseof simple
colorbasedtechniquesto alleviatethisproblem.Weareinterestedin optimizingfor the
objectintrinsicparameterslike thelocationof thecenterof massandtheinertiamatrix
usingour framework. We arealsolooking at applyingour framework to otherdomains
likeclothandarticulatedbodies.
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