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Abstract
We presenta methodfor computingthe 3D motionof

articulatedmodelsfrom2D correspondences.An iterative
batch algorithmis proposedwhich estimatesthemaximum
aposterioritrajectorybasedon the2D measurementssub-
ject to a numberof constraints.Theseinclude(i) kinematic
constraints basedon a 3D kinematicmodel,(ii) joint an-
gle limits, (iii) dynamicsmoothingand(iv) 3D key frames
which can be speci�ed the user. The framework handles
anyvariation in thenumberof constraintsaswell aspar-
tial or missingdata.Thismethodis shownto obtainfavor-
ablereconstructionresultsona numberof complex human
motionsequences.

1 Intr oduction
Video is theprimary archival sourcefor humanmove-

ment, with examples ranging from sports coverageof
Olympic eventsto danceroutinesin Hollywood movies.
The ability to reliably track the human�gure in movie
footagewould unlocka large,untappedrepositoryof mo-
tion data.However, therecoveryof 3D �gure motionfrom
a singlesequenceof unconstrainedvideoimagesis achal-
lengingproblem.

Trackingarticulatedmotionin 3D requiresthesolution
of two problems: a registrationproblemof aligning the
projectionof themodelwith theimagemeasurements,and
a reconstructionproblemof estimatingthe3D poseof the
�gure from 2D data.Thechallengein registrationis to deal
with backgroundclutter andambiguitiesin imagematch-
ing, while the challengein reconstructionis to compen-
satefor the lossof 3D information. Direct approachesto
trackingcouplethesetwo problemsby �tting 3D kinematic
modelsdirectly to animagesequence.In this method,the
poseparametersof themodel(e.g.joint angles)de�ne the
statespacefor thetrackerandthekinematicsconstrainthe
registrationto theimage.

The direct approachto 3D tracking is particularly ef-
fective whenmultiple cameraviews of the3D motionare
available. With an adequateset of viewpoints, the state
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spaceis fully observableandthe3D stateestimatewill re-
mainnearthecorrectanswer. In thiscase,the3D kinemat-
icsprovideapowerful constrainton imagemotion,simpli-
fying theregistrationtask.Representativeexamplesof the
directmethodinclude[15, 17, 13, 2, 10].

Whenonly asinglecameraviewpoint is available,how-
ever, therearefundamentalambiguitiesin the reconstruc-
tion of the3D pose.Thewell-known re�ective ambiguity
underorthographicprojectionresultsin a pair of solutions
for therotationof asinglelink outof theimageplane[19].
In addition,kinematicsingularitiesarisewhentheout-of-
planerotationis zero[14]. As aresultof theseambiguities,
3-D kinematicmodelsprovide a lesspowerful constraint
duringmonoculartracking.

The weaknessof the kinematic constraintin monoc-
ular tracking can be addressedby using dynamic mod-
els to constrainthemotion,andcomplex statisticalmeth-
ods to jointly representthe ambiguity in registrationand
reconstruction. Recent examplesof this approachin-
clude[20, 4, 1, 11]. However, thesedynamicmodelstyp-
ically rely on strongprior assumptionsaboutthe type of
motion. In practice,this often meansthat new dynamic
modelsmustbetunedfor eachnew sequencethat is to be
tracked. This limits the applicability of thesetechniques
to challengingvideo,suchasmovie dancesequencesand
sportsfootage.

Ourgoalis to developaninteractivesystemwhichcom-
binesconstraintson 3-D motionwith input from a human
operatorto reconstructextremelydif�cult sequencesin 3-
D. In contrastto otherefforts, our solution is not a fully
automaticapproachto 3-D tracking. It is however, anex-
tremelyusefultool for reconstructing3-D motionfrom se-
quencesthat cannotcurrentlybe tackledusingany other
method.

The input to our reconstructionmethodis a set of 2-
D correspondencesthat identify theprojectionof the3-D
�gure in eachframeof a videosequence.The top row of
Figure7 givesanexample.Thesecorrespondencescanbe
producedautomaticallythrough2-D registrationof a�gure
modelwith theimagesequence,asdescribedin [14, 3], or



they canbespeci�edmanually. We presentreconstruction
resultsin Section5 usingbothtypesof input.

Thispapermakestwo contributions.First,wepresenta
batchoptimizationframework for 3-D reconstructionfrom
2-D correspondenceswhich admitsa wide rangeof con-
straintson 3-D pose.A relatedframework for processing
3-D motioncapturedatais describedin [6]. In additionto
thekinematics,weexplorethreeothertypesof constraints:
dynamicmodels,joint anglelimits, and3-D key frames.

A key featureof our approachis to expressall con-
straintsaspriors. The resultingsolutionis tolerantof er-
rors in the constraintsthemselvesaswell asin the image
measurements.This is extremelyimportantin practice,as
experienceshows thatevenhumanobservershave a dif�-
cult timeassigningaccurate3-D posesto thehuman�gure
from a singlemonocularsequence.

Our secondcontribution is an interactive systemfor
reconstructionthat canproducesurprisinglygood results
with a smallamountof usereffort. We presentexperimen-
tal resultson thereconstructionof 3-D motion from three
video sequences:a FredAstairedancesequence,a waltz
sequencefrom amotioncapturesession,anda �gure skat-
ing sequence.In the caseof the waltz sequencewe also
presentacomparisonbetweenour3-D reconstructionsand
3-D motion capturedataproducedby a commercialmag-
netic trackingsystem. We believe this is the �rst experi-
mentalcomparisonbetween3-D motion capturedataand
whole-body3-D trackingresults.

2 A Signal Model for 3-D Motion Recovery
Our approachfollows [14] in separating3-D �gure

tracking into the two tasksof 2-D �gure registrationand
3-D �gure reconstruction.This decompositionallows us
to focusexplicitly on the ambiguitiesthat are fundamen-
tal to 3-D reconstruction,andavoid lumpingthemtogether
with issues,suchasappearancemodelingandclutter, that
ariseduringregistration.

In general,the3-D �gure reconstructionstagerequires
theestimationof all of thekinematicparametersof the�g-
ure, including model topology and �x ed parameterslike
link lengthsandaxesof rotation.In this paper, we assume
thata3-D kinematicmodelwith known �x edparametersis
available,andfocuson thesimplerproblemof 3-D motion
recovery:Estimatingthetime-varyingjoint anglesandspa-
tial displacementsthatde�ne themotion of thekinematic
model.

Theproblemof 3D motionrecoverycanbeapproached
from asignalreconstructionperspective. Thesignalin this
caseis thetimehistoryof 3D poseparametersfor all links
in the structure. The observed measurementsequenceis
theresultof �ltering thetruestatesignalthroughasucces-
sionof lossychannels(see�gure 1):

1. Noise. Noiseis addedto thetrue3D states.

2. Projection. Additionally, depth information is re-
moved from somestatesthroughperspective projec-
tion.

3. Deletion. Partial or full data of some statesare
deleted,e.g.in thecaseof partialor full occlusionor
droppedframes.

The goal is to reconstructthe original signalfrom these-
quenceof availablemeasurements.

Noise channel Projection channel Deletion channel

(a) (b) (c) (d)

3D Motion Recovery

Figure1: A channel-basedmodelof thedatadegradation
process. (a) shows the true 3D trajectory with discrete
states.(b) noiseis addedto thestates.(c) somestatesare
projectedonto the imageplane,losingdepthinformation.
(d) shows the �nal setof observedstatesafter deletionof
morestates.Thegoalis to recover thetruestatesfrom the
setof availableobservedstates.

Theidenti�cation of thesedegradationchannelsis use-
ful for formulatingauni�ed framework for seamlesslyhan-
dling a largerangeof scenarioswith differentdatadegra-
dation– e.g.from smoothingof noisy3-D motioncapture
datawith droppedframes,to estimating3-D �gure motion
from a 2-D correspondencesin the presenceof multiple
occlusionevents.

3 Constraints for 3-D Motion Recovery
As a consequenceof thelossychannelsin themodelof

Figure1, theproblemof 3-D motionrecoveryis inherently
ill-posed. In orderto regularizeit, we utilize a numberof
constraints:

� 3-D kinematicconstraints

� Jointanglelimits

� Dynamicsmoothing

� 3-D key frames



Themostimportantconstraintsarethe3-D kinematics.
Kinematicconstraintsenforceconnectivity betweenadja-
centlinks andlink lengthconstancy, aswell asrestricting
joint motionto rotationabouta �x edlocalaxesin thecase
of revolutejoints. Thesehardconstraintsareautomatically
enforcedwhenestimationis donein the state-spaceof a
3-D kinematicmodel.

Of particularnote is that simply applyinga 3-D kine-
maticmodelto 2-D measurementsrestrictsthesolutionto
a numberof isolatedcandidateregions in the kinematic
state-space(modulothedepthof thebaselink underortho-
graphicprojection).Thesecandidatesolutionscorrespond
to thediscretecombinationsof 3-D re�ective ambiguities
at eachlink (see�gure 2) mentionedin section1.

A B

Figure2: 3D re�ectiveambiguity. The�gure showsa rev-
olutelink whichcanrotatein afull circle. Fromthecamera
positionshown, it is impossibleto distinguishposeA from
poseB basedonly on thelink projection.

Reconstructionof 3-D statefrom 2-D correspondences
is accomplishedby minimizing the residualerror in each
frame:
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where
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is the3-D kinematicstatefor the $ th time frame,
�

�
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is theforwardkinematicfunctionfor computingthe
3-D positionof the & th joint center, � is thecamerapro-
jection matrix,
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is the observed imagepositionof the
joint center, computedfrom theregistrationof the�gure in
the imageplane. Since
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is nonlinear, Equation1 is
typically linearizedat eachtime instant.

In the caseof Figure2, if Equation1 wereminimized
directly, thesolutionwould convergeto eitherA or B de-
pendingupontheinitial conditions.It is theoreticallypos-
sibleto representthefull setof possibilitiesvia a multiple
hypothesissmoothingscheme.Thismaynotbefeasiblein
practice,however, sincethenumberof solutionsincreases
exponentiallywith thenumberof links (see[19] for anex-
ample).

It is thereforenecessaryto introduceadditional con-
straintswhich can be usedto bias the reconstructionto-
wardsadesiredsolution.Jointanglelimit constraintsspec-
ify the limits to which joints canrotateabouttheir corre-
spondingaxes. Dynamic smoothingconstraintsdescribe
the probability of a particular stateconditionedon past

and future statevalues. They bias the reconstructionto-
wardssmooth3-D trajectories,suppressingnoise.3-D key
frame constraintsare 3-D stateswhich are interactively
establishedby the user, and are equivalent to observed
statesundergoingonly noisechanneldegradation.Eachof
theseconstraintsintroducesadditionalcosttermsin abatch
smoothingframework which is describedin Section4.
3.1 Joint Angle Limit Constraints

Oneway to limit oursolutionfor 3-D motionto aphys-
ically valid result is to incorporatelimits on the rangeof
joint anglesfor our kinematicmodel. For example,a hu-
manelbow canonly rotatethroughabout135degrees;it is
advantageousto usethis knowledgeto obtaina plausible
solutionfor 3D motion.For exampleasshown in �gure 3,
knowing the forbiddeninterval for the joint angleof the
link allowsunambiguousselectionof poseB.

A B

Figure3: Disambiguationfromjoint anglelimits. Thejoint
anglelimits preventstheselectionof poseA leaving pose
B astheonly possibility.

To incorporatelimits on the rangeof revolute joint an-
gles,we introduceinequalityconstraintssuchas )

�!*,+��

where )

�

is the & th revoluteangleparameterand
+

�

is the
�x edlower limit for )

�

.
Joint angle inequality constraintscan be incorporated

into thebatchestimationframework throughanadditional
lossfunction:
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is a zeroth-ordercontinuousbarrierfunction. When
the estimatedstateleaves the feasibleset for a particular
frameduringoptimization,thebarrierfunctionprovidesa
restoringforce.
3.2 Dynamic SmoothingConstraints

Dynamicsmoothingconstraintsexpressa prior model
for a particularform of motion,e.g.thetypical preference
for smoothcontinuousmotioncomparedto abruptmotion
(see�gure 4). Thereare many different variantsof dy-
namicmodels,rangingfrom simplehand-constructedcon-
stantvelocity modelsto complex switchingmodelsauto-
matically learnedfrom data[16]. The typical application
of dynamicmodelsin trackingis for forwardpredictionin
thecontext of theFokker-Planckdrift-dif fusion.However,



dynamicmodelsalsocanbeexpressedin aninterpolating,
or smoothingmanner. This is particularlyusefulin a batch
frameworkwheretheestimationof statesin all timeframes
is donesimultaneously.

t-1 t t+1

A B

Figure4: Disambiguationfrom dynamics. Knowing the
approximateposesof the joint at frames $
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preferentiallyselectsposeB at frame $ whendynamicsis
usedto biastowardssmoothmotion.

Smoothnessconstraintscanbeaddedin two ways.The
simplestis to representthe statetrajectorythrougha set
of basisfunctionssuchasB-splinecurveswhich implicitly
describesmoothmotion. Alternatively, thestatetrajectory
canbe sampledat eachtime frame,andsmoothnesscon-
straintsbetweenframescanbeenforcedduringestimation:
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Here
�

is the vector of concatenatedstatesfor all time
framesand

�

is blockdiagonalweightingmatrix thatim-
poseslocal smoothconstraintson theindividualstatevec-
tors.

In our experiments,a secondorder constantvelocity
modelwasused.In thiscase,

�

is chosensothatthepre-
dictedcurrentstateis
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is themean
of immediatepastandfuturestates.

Theuseof evensimpledynamicpredictionsigni�cantly
helpsin eliminatingincorrectsetsof hypothesesdueto 3D
re�ective ambiguities.While moreaccuratelearnedmod-
els are preferredif available, they unfortunatelyrequire
vastamountsof trainingdatafor modelingsuchthat intra-
classandinter-classvariationsarecaptured.This posesa
problemfor learning3-D humanmotionmodelsdueto the
dif�culty of obtaininga largevolumeof data.

3.3 3-D KeyFrame Constraints
Despitethe applicationof kinematics,joint anglelim-

its anddynamicsmoothing,3-D motion recovery is gen-
erally still underconstrained.While many additionalcues
could be investigated,oneof the mostpowerful methods
for obtaininggood resultsis to allow a user to set 3-D
key framesinteractively. See�gure 5. Key-framespro-
vide a simple mechanismfor controlling andbiasingthe
solution. If suf�cient 3-D keyframeswereavailable,none

of the earlierconstraintsarerequired. However, specify-
ing 3-D keyframesis a time-consumingandtedioustask.
Thereforethegoal is to useasfew key framesaspossible,
leveragingtheotherconstraintsasmuchaspossible.

A B

Figure5: Disambiguationfrom key frames.A key frame
would specifytheapproximateposeof the joint, which in
this caseis locatednearposeB. HenceposeB is selected.
Notethatthekey framedoesnotneedto beexact.

Since 3-D key framesare inherently noisy, we treat
themasnoisechanneldegradedobservations. The resid-
ualerrormodelis
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where
�

�

is thejth keyframe,correspondingto thestateat
time $

�

.
�

is acovariancematrixwhichspeci�esthenoise
propertiesof thekeyframe.

For greatergenerality, we also allow the speci�cation
of partial key frames,in whichonly somestateparameters
areestablished.For examplethis may be usedto disam-
biguatetheanglesof onejoint in a human�gure modelif
this is theonly ambiguouslimb. In thecontext of (4), the
unestablishedstateparameterswill have in�nite variance.

In aninteractivesetting,theuserwill initially applythe
solver with a minimal numberof key frames,e.g. at the
start and the end of the sequenceand potentially prob-
lematic frameswith departurefrom the expecteddynam-
ics. Any resultinggrossestimationerrorsmaybecorrected
by introducingadditionalkey framesand reapplyingthe
solver.

4 3D Batch Framework
Our 3-D batchframework usesiterative nonlinearleast

squarestechniquesto solve for a statetrajectorythatmini-
mizesthetotal setof constraintssimultaneouslyin all time
frames.Theframework computesthemaximumaposteri-
ori (MAP) estimateasfollows:
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for thefull trajectorystate
�

(consistingof thestatesin all
time frames)giventhe2D measurements

)

. In this case,
theconstraintsarepriorsfor theestimate.



The completeminimization problem is obtainedby
merging the lossequationsfrom (1), (2), (3), and(4) for
all time framesto obtain
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This in turn resultsin thefollowing leastsquaressolution
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where
�

is theoverallJacobian,
�

is thetotalresidual,and
�

is themeasurementcovariance.Thematrix
�	���

��
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is
block-diagonalandgroupedaccordingto time frames.We
furtheradda stabilizationterm 
�� to the
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, where

 is aconstant.

Notethatthe2-D measurements,joint anglelimits, dy-
namicsand3-D key framesarerepresentedasrows in

�

andtreatedin thesameuni�ed mannerby theframework.
Theallows great�e xibility , e.g.for includingasmany 3D
key framesasrequired,or evenchangingconstraintsonthe
�y . Handlingpartialmissingdatasimply involveszeroing
someof the entriesin

�

��


. Equation6 is solved itera-
tively usingtheGauss-Newton least-squaresmethodwith
a sparse-matrixinversionroutine.

5 Results
In �gure 6, wepresentresultsfrom aFredAstairevideo

sequence. The resultsare shown in terms of a 3D re-
constructionsequencewith super-sampledframerateand
the associatedobservations. The startandendframesof
thesequencecontainnoisy 3D observationsexpressedby
manually-speci�ed3D key-frames. The intermediateob-
servationsare2D correspondenceswithoutdepthinforma-
tion. Additionally, becausethe3D reconstructionsequence
is more�nely sampledthanthe original video data,there
arereconstructionframeswhichdonothaveany associated
observations.

The two 3D key framesat the startandendof the se-
quencerepresentboundaryconditions. In this 14-frame
sequence,no additional key framesare necessary. The
2D correspondenceshaveto bemanuallyspeci�edasnone
of the currenttrackersareableto track successfullyfrom
videowhenthereis signi�cant 3D bodyrotation,whichoc-
cursin our testsequences.These2D correspondencesare
usedasinput into our 3D estimationframework. The es-
timation involved runningthe algorithmfor 20 iterations
taking a total of 27 seconds. The �nal output was im-
portedinto 3D StudioMax and rendered.Given the 2D
measurements,the total time requiredto producethe 3D
reconstructionwasaboutfour minutes,includingthespec-
i�cation of 3D key frames.

In �gure 7, we show the resultsobtainedfrom a 74-
frameice-skatingspin sequence.In this sequence,8 key

frameswereused. However, only the �rst, last andmid-
dle key frameswere set with decentaccuracy, while the
remaining5 were rotatedduplicatesof the �rst and last
key framessimply to keeptheskaterrotatingin thecorrect
direction. The reconstructiongeneratedis highly plausi-
ble. However, a numberof errorscanbe noted,particu-
larly the penetrationof the right foot into the groundin
thefourthframe.This is becausephysics-basedconstraints
werenotusedfor theresults,althoughit shouldbereason-
ablystraightforwardto incorporatethese.

In �gure 8, resultsareshown for a waltzing sequence.
Theactorin thissequenceis wearingmagneticmotioncap-
ture sensors,makingit possibleto simultaneouslyrecord
hismotionin 3-D.

Figure 9 shows a numberof plots comparing3 joint
angle sequenceobtained from 3-D reconstructionand
motion-capture1. The plots show a strongcorrelationof
the joint angles,althoughthereappearsto be systematic
offsetsatdifferentpartsof thesequence.
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Figure9: Comparativeplotsof somejoint anglescomputed
from 3D recovery andmotion capture. Note that motion
capturedatais signi�cantly noisyaswell.

6 PreviousWork
Many researchershave tackledtheproblemof tracking

3D articulatedmodelswith multiple cameras.Rehg[18]
trackedhandsusinganextendedKalman�lter framework.
O'RourkeandBadler[15] andGavrila andDavis [5] used

1Notethatmotion-capturedatais highly noisyanddoesnot represent
accurateground-truth.
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Figure6: A 3D reconstructionsequenceis obtainedat super-sampledframerate. The associatedobservation sequence
comprisesof noisy3D key frames(startandend),2D correspondencesandnull observations(dueto frame-ratedisparity).

Figure7: 3D reconstructionfor an ice-skaterdoing a spin. Top row: tracked frames. Middle row: 3D reconstruction
renderedfrom similar viewpoint. Bottomrow: renderingfrom analternativeviewpoint.



Figure8: 3D reconstructionfor a singlepersonwaltzing, wheremotion capturedatais alsoobtained.Top row: tracked
frames. Middle row: 3D reconstructionrenderedfrom similar viewpoint. Bottom row: renderingfrom an alternative
viewpoint.

multiple camerasto obtain 3D positions of the human
body, while Bregler andMalik [2] usedKalman�ltering
to exploit dynamicconstraints.

To obtain a lesscomplete,but still useful, interpreta-
tion of motion,many researchershave attemptedtracking
in 2D from asinglecamera.Hogg[9] andBreglerandMa-
lik [2] studiedthecaseof thehumanwalkingparallelto the
imageplane,which limits thesolutionto two dimensions.
Hel-OrandWerman[8] appliedjoint constraintsto �nd 2D
in-planemotion,in bothKalman�lter andbatchsolutions.
Other papersallow motion out of the planeof view, but
only attemptto �t a 2D model to the imagestream[12].
Morris andRehg[14] bothused2D modelswith prismatic
joints to dothis. Suchtrackingdatamaybeusefulfor clas-
si�cation of 3D motion, but it is inadequatefor true 3D
motionanalysis.

Few attemptshave beenmadeto capture3D motion
from a single imagestream. Goncalveset al. [7] tracked
ahumanarmin averyconstrainedenvironmentwith mini-
mal re�ective ambiguity. Shimadaet al. [19] capturehand
motionfrom onecamera,usingKalman�ltering andsam-
pling thesolutionprobabilityspace.They exploit join con-
straintsby truncatingtheprobabilityspace.Thestrengthof
joint constraintsin thehandmodelhelpedmake this pos-
sible (e.g. �nger joints canonly rotateapproximately90

degrees). Howe et al. [11] alsorecover 3D positionof a
human�gure, but with limited movementout of theplane
of visionandnobodyrotation.

7 Summary and Future Work
We presentedan interactive systemfor recovering the

3D motion of articulatedmodelsfrom a sequenceof 2D
SPM measurements.A key featureof our approachis to
expressall constraintsaspriors. The resultingsolutionis
tolerantof errorsin the constraintsthemselvesaswell as
in theimagemeasurements.This is extremelyimportantin
practice,asexperienceshows that even humanobservers
have a dif�cult time assigningaccurate3-D posesto the
human�gure from a singlemonocularsequence.

Our framework exploits a numberof constraintsin-
cludingkinematicconstraints,joint anglelimits, dynamic
smoothingand 3D key frames. The equationsfor these
constraintswerederivedandintegratedinto a3D batches-
timationframework. Theestimationframework is �e xible
andcaneasilycopewith variationin the numberof con-
straintsapplied,andalsowith partialor missingdata.

The favorablereconstructionresultsshown for a Fred
Astaire dancesequenceillustrate the capability of using
multiple constraintsto reduce3D ambiguity. Our system
is reasonablyfast,takingaboutfour minutesto reconstruct



a 20 framesequence,includingmanualkey framespeci�-
cation.Webelievethiscanbeausefultool for repurposing
archival footageandgeneratingnovel 3D visualizationsof
historic danceperformances.No currentfully automatic
trackingsystemcanaddresssuchawide rangeof content.

For the future, we intend to add further constraints
to our framework. This includesvolume exclusion con-
straintsto avoid inter-penetrationof links and other ob-
jects,aswell asmakinguseof self-occlusioncuesto fur-
therhelpdisambiguate3D pose.We alsoplan to enhance
the estimationframework to cope with remainingun�l-
teredambiguities,possibility usinga multiple hypothesis
statisticalframework. Finally, we will explore ways to
fully automatethe processof video to 3D �gure motion
recovery. This will includethe interleaving of the 3D es-
timation framework with 2D trackingto improve both the
robustnessof 2D registrationandthequality of 3D recon-
struction.
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