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Abstract

We presenta methodfor computingthe 3D motion of
articulatedmodelsfrom 2D correspondencegin iterative
batd algorithmis proposedwhich estimateshe maximum
aposterioritrajectorybasedon the 2D measuementsub-
jectto anumberof constaints. Thesanclude(i) kinematic
constaints basedon a 3D kinematicmodel, (ii) joint an-
gle limits, (iii) dynamicsmoothingand(iv) 3D key frames
which can be speci edthe user The framevork handles
any variation in the numberof constaintsaswell as par-
tial or missingdata. Thismethods shownto obtainfavor
ablereconstructiorresultson a numberof complexhuman
motionsequences.

1 Intr oduction

Videois the primary archial sourcefor humanmove-
ment, with examplesranging from sports coverage of
Olympic eventsto danceroutinesin Hollywood movies.
The ability to reliably track the human gure in movie
footagewould unlock a large, untappedepositoryof mo-
tion data.However, therecovery of 3D gure motionfrom
asinglesequencef unconstrainedideoimagess achal-
lengingproblem.

Trackingarticulatedmotionin 3D requiresthe solution
of two problems: a registration problemof aligning the
projectionof themodelwith theimagemeasurementand
areconstructiorproblemof estimatingthe 3D poseof the
gure from 2D data.Thechallengen registrationis to deal
with backgroundclutter andambiguitiesin imagematch-
ing, while the challengein reconstructioris to compen-
satefor the lossof 3D information. Direct approacheso
trackingcouplethesewo problemsby tting 3D kinematic
modelsdirectly to animagesequenceln this method the
poseparametersf the model(e.g.joint angles)de ne the
statespacefor thetracker andthe kinematicsconstrainthe
registrationto theimage.

The direct approachto 3D trackingis particularly ef-
fective whenmultiple cameraviews of the 3D motionare
available. With an adequateset of viewpoints, the state
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spacsds fully obsenableandthe 3D stateestimatewill re-
mainnearthe correctanswer In this casethe 3D kinemat-
ics provide a powerful constrainbnimagemotion, simpli-
fying theregistrationtask. Representate examplesof the
directmethodinclude[15, 17, 13, 2, 10].

Whenonly asinglecameraviewpointis available,how-
ever, therearefundamentabhmbiguitiesin the reconstruc-
tion of the 3D pose.Thewell-known re ective ambiguity
underorthographigrojectionresultsin a pair of solutions
for therotationof asinglelink outof theimageplane[19].
In addition, kinematicsingularitiesarisewhenthe out-of-
planerotationis zero[14]. As aresultof theseambiguities,
3-D kinematicmodelsprovide a lesspowerful constraint
duringmonoculattracking.

The weaknesof the kinematic constraintin monoc-
ular tracking can be addressedy using dynamic mod-
elsto constrainthe motion, and complex statisticalmeth-
odsto jointly representhe ambiguityin registrationand
reconstruction. Recentexamplesof this approachin-
clude[20, 4, 1, 11]. However, thesedynamicmodelstyp-
ically rely on strongprior assumptiongboutthe type of
motion. In practice,this often meansthat new dynamic
modelsmustbe tunedfor eachnew sequencehatis to be
tracked. This limits the applicability of thesetechniques
to challengingvideo, suchas movie dancesequenceand
sportsfootage.

Ourgoalisto developaninteractive systemwhich com-
binesconstrainton 3-D motionwith input from a human
operatorto reconstrucextremelydif cult sequencem 3-
D. In contrastto other efforts, our solutionis not a fully
automaticapproacho 3-D tracking. It is however, an ex-
tremelyusefultool for reconstructin@-D motionfrom se-
guenceghat cannotcurrently be tackledusing ary other
method.

The input to our reconstructiormethodis a setof 2-
D correspondencesbat identify the projectionof the 3-D

gure in eachframeof a video sequenceThe top row of
Figure7 givesanexample. Thesecorrespondencesanbe
producedautomaticallythrough2-D registrationof a gure
modelwith theimagesequenceasdescribedn [14, 3], or



they canbe speci ed manually We presenteconstruction
resultsin Section5 usingbothtypesof input.

This papemalkestwo contributions.First, we presenta
batchoptimizationframework for 3-D reconstructiordrom
2-D correspondenceshich admitsa wide rangeof con-
straintson 3-D pose. A relatedframenork for processing
3-D motion capturedatais describedn [6]. In additionto
thekinematicswe explorethreeothertypesof constraints:
dynamicmodels joint anglelimits, and3-D key frames.

A key featureof our approachis to expressall con-
straintsaspriors. Theresultingsolutionis tolerantof er
rorsin the constraintshemselesaswell asin theimage
measurementslhis is extremelyimportantin practice,as
experienceshaws that even humanobsenershave a dif -
culttime assigningaccurate3-D posego thehuman gure
from a singlemonocularsequence.

Our secondcontribution is an interactve systemfor
reconstructiorthat can producesurprisingly good results
with a smallamountof usereffort. We presenexperimen-
tal resultson the reconstructiorof 3-D motionfrom three
video sequencesa Fred Astaire dancesequencea waltz
sequencérom amotioncapturesessionanda gure skat-
ing sequence.In the caseof the waltz sequenceave also
presentcomparisorbetweerour 3-D reconstructionand
3-D motion capturedataproducedoy a commercialmag-
netic tracking system. We believe this is the rst experi-
mentalcomparisorbetween3-D motion capturedataand
whole-body3-D trackingresults.

2 A Signal Model for 3-D Motion Recovery

Our approachfollows [14] in separating3-D gure
trackinginto the two tasksof 2-D gure registrationand
3-D gure reconstruction.This decompositiorallows us
to focusexplicitly on the ambiguitiesthat are fundamen-
tal to 3-D reconstructionandavoid lumpingthemtogether
with issuessuchasappearancenodelingandclutter, that
ariseduringregistration.

In generalthe 3-D gure reconstructiorstagerequires
the estimatiorof all of thekinematicparametersf the g-
ure, including modeltopology and x ed parameterdike
link lengthsandaxesof rotation. In this paperwe assume
thata 3-D kinematicmodelwith known x edparametergs
available,andfocusonthesimplerproblemof 3-D motion
recovery: Estimatingthetime-varyingjoint anglesandspa-
tial displacementshat de ne the motion of the kinematic
model.

The problemof 3D motionrecovery canbeapproached
from assignalreconstructiomperspectie. Thesignalin this
caseis thetime history of 3D poseparametersor all links
in the structure. The obsened measuremensequenceas
theresultof Itering thetrue statesignalthrougha succes-
sionof lossychannels(see gure 1):

1. Noise Noiseis addedo thetrue 3D states.

2. Projection Additionally, depthinformation is re-
moved from somestatesthroughperspectie projec-
tion.

3. Deletion Partial or full data of some statesare
deleted e.g.in the caseof partial or full occlusionor
droppedrames.

The goalis to reconstructhe original signalfrom the se-
guenceof availablemeasurements.
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Figurel: A channel-basethodelof the datadegradation
process. (a) shavs the true 3D trajectory with discrete
states.(b) noiseis addedto the states.(c) somestatesare
projectedonto theimageplane,losing depthinformation.
(d) shavs the nal setof obsened statesafter deletionof

morestates.Thegoalis to recover thetrue statedrom the
setof availableobsenedstates.

Theidenti cation of thesedegradationchannelss use-
ful for formulatingauni ed framework for seamlesslpan-
dling a large rangeof scenariowith differentdatadegra-
dation— e.g.from smoothingof noisy 3-D motion capture
datawith droppedramesto estimating3-D gure motion
from a 2-D correspondenceis the presenceof multiple
occlusionevents.

3 Constraints for 3-D Motion Recovery
As aconsequencef thelossychannelsn the modelof

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

3-D kinematicconstraints

Jointanglelimits

Dynamicsmoothing

3-D key frames



Themostimportantconstraintarethe 3-D kinematics.
Kinematic constraintsenforceconnectvity betweenadja-
centlinks andlink lengthconstang, aswell asrestricting
joint motionto rotationabouta x edlocal axesin thecase
of revolutejoints. Thesehardconstraintareautomatically
enforcedwhen estimationis donein the state-spacef a
3-D kinematicmodel.

Of particularnote is that simply applyinga 3-D kine-
matic modelto 2-D measurementestrictsthe solutionto
a numberof isolatedcandidateregionsin the kinematic
state-spacémodulothedepthof thebasdink underortho-
graphicprojection). Thesecandidatesolutionscorrespond
to the discretecombinationf 3-D re ective ambiguities
ateachlink (see gure 2) mentionedn sectionl.

Figure2: 3D re ective ambiguity The gure shavsarev-
olutelink which canrotatein afull circle. Fromthecamera
positionshawn, it is impossibleto distinguishposeA from
poseB basednly onthelink projection.

Reconstructiorf 3-D statefrom 2-D correspondences
is accomplishedy minimizing the residualerrorin each
frame:

- 1)

where is the3-D kinematicstatefor the th time frame,

is theforwardkinematicfunctionfor computingthe
3-D positionof the th joint center  is the camerapro-
jection matrix, is the obsened image position of the
joint center computedrom theregistrationof the gure in
the imageplane. Since is nonlinear Equationl is
typically linearizedat eachtime instant.

In the caseof Figure?2, if Equation1 were minimized
directly, the solutionwould corvergeto eitherA or B de-
pendingupontheinitial conditions.It is theoreticallypos-
sibleto representhe full setof possibilitiesvia a multiple
hypothesismoothingschemeThis maynot befeasiblein
practice however, sincethe numberof solutionsincreases
exponentiallywith the numberof links (see[19] for anex-
ample).

It is thereforenecessaryto introduce additional con-
straintswhich can be usedto bias the reconstructiorto-
wardsadesiredsolution.Jointanglelimit constraintspec-
ify the limits to which joints canrotateabouttheir corre-
spondingaxes. Dynamic smoothingconstraintsdescribe
the probability of a particular state conditionedon past

and future statevalues. They biasthe reconstructiorto-
wardssmooth3-D trajectoriessuppressingoise.3-D key
frame constraintsare 3-D stateswhich are interactiely
establishedby the user and are equivalentto obsened
statesundegoingonly noisechanneldegradation Eachof
theseconstrainténtroducesadditionalcosttermsin abatch
smoothingiramework which is describedn Section4.
3.1 Joint Angle Limit Constraints

Oneway to limit our solutionfor 3-D motionto a phys-
ically valid resultis to incorporatéimits on the rangeof
joint anglesfor our kinematicmodel. For example,a hu-
manelbow canonly rotatethroughabout135degreesit is
adwantageouso usethis knowledgeto obtaina plausible
solutionfor 3D motion. For exampleasshavnin gure 3,
knowing the forbiddeninterval for the joint angle of the
link allows unambiguouselectionof poseB.

Figure3: Disambiguatiorfrom joint anglelimits. Thejoint
anglelimits preventsthe selectionof poseA leaving pose
B astheonly possibility.

To incorporatdimits on the rangeof revolute joint an-
gles,we introduceinequality constraintssuchas
where is the th revolute angleparameteand
x edlower limit for

Joint angleinequality constraintscan be incorporated
into the batchestimationframework throughanadditional
lossfunction:

is the

- )

is a zeroth-ordercontinuousharrierfunction. When

the estimatedstateleavesthe feasiblesetfor a particular
frameduring optimization,the barrierfunction providesa
restoringforce.
3.2 Dynamic Smoothing Constraints

Dynamic smoothingconstraintsexpressa prior model
for a particularform of motion, e.g.thetypical preference
for smoothcontinuouamotion comparedo abruptmotion
(see gure 4). Thereare mary differentvariantsof dy-
namicmodels rangingfrom simplehand-constructedon-
stantvelocity modelsto complex switching modelsauto-
matically learnedfrom data[16]. Thetypical application
of dynamicmodelsin trackingis for forward predictionin
the context of the Fokker-Planckdrift-dif fusion. However,



dynamicmodelsalsocanbe expressedn aninterpolating,
or smoothingnanner Thisis particularlyusefulin abatch
framavork wheretheestimatiorof statedn all timeframes
is donesimultaneously

A B

t-1 t t+1

Figure 4: Disambiguationfrom dynamics. Knowing the
approximateposesof the joint at frames and
preferentiallyselectsposeB at frame whendynamicsis
usedto biastowardssmoothmotion.

Smoothnessonstraintcanbe addedn two ways. The
simplestis to representhe statetrajectorythrougha set
of basisfunctionssuchasB-splinecurveswhichimplicitly
describesmoothmotion. Alternatively, the statetrajectory
canbe sampledat eachtime frame,and smoothnesson-
straintsbetweerframescanbeenforcedduringestimation:

- 3)
Here is the vector of concatenatedtatesfor all time
framesand s block diagonalweightingmatrix thatim-

posedocal smoothconstrainton theindividual statevec-
tors.

In our experiments,a secondorder constantvelocity
modelwasused.In thiscase, ischosersothatthepre-
dictedcurrentstateis is themean
of immediatepastandfuture states.

Theuseof evensimpledynamicpredictionsigni cantly
helpsin eliminatingincorrectsetsof hypotheseslueto 3D
re ective ambiguities.While moreaccuratdearnedmod-
els are preferredif available, they unfortunatelyrequire
vastamountsof training datafor modelingsuchthatintra-
classandinter-classvariationsare captured.This posesa
problemfor learning3-D humanmotionmodelsdueto the
dif culty of obtainingalargevolumeof data.

3.3 3-D KeyFrame Constraints

Despitethe applicationof kinematics,joint anglelim-
its and dynamicsmoothing,3-D motion recovery is gen-
erally still underconstrainedwhile mary additionalcues
could be investigatedpne of the most powerful methods
for obtaining good resultsis to allow a userto set 3-D
key framesinteractively. See gure 5. Key-framespro-
vide a simple mechanisnfor controlling and biasingthe
solution. If sufcient 3-D keyframeswereavailable,none

of the earlier constraintsare required. However, specify-
ing 3-D keyframesis a time-consumingandtedioustask.
Thereforethe goalis to useasfew key framesaspossible,
leveragingthe otherconstraintasmuchaspossible.
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\

Figure5: Disambiguatiorfrom key frames. A key frame
would specifythe approximatgposeof thejoint, whichin
this caseis locatednearposeB. HenceposeB is selected.
Notethatthe key framedoesnot needto be exact.

Since 3-D key framesare inherently noisy, we treat
themasnoisechanneldegradedobsenations. The resid-
ual errormodelis

- 4)
where isthejth keyframe,correspondingo the stateat
time . isacovariancematrixwhichspeci esthenoise
propertieof the keyframe.

For greatergenerality we also allow the speci cation
of partial key frames,n which only somestateparameters
are established.For examplethis may be usedto disam-
biguatethe anglesof onejoint in a human gure modelif
thisis the only ambiguoudimb. In the context of (4), the
unestablishedtateparametersvill havein nite variance.

In aninteractve setting,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 resultinggrossestimatiorerrorsmaybecorrected
by introducingadditionalkey framesand reapplyingthe
solver.

4 3D Batch Framework

Our 3-D batchframeawork usesiterative nonlinearleast
squaresechniquedo solve for a statetrajectorythatmini-
mizesthetotal setof constraintsimultaneouslyn all time
frames. The framenvork computeghe maximumaposteri-
ori (MAP) estimateasfollows:

for thefull trajectorystate (consistingof the statesn all
time frames)giventhe 2D measurements . In this case,
theconstraintsarepriorsfor the estimate.



The complete minimization problem is obtained by
meiging the loss equationsrom (1), (2), (3), and (4) for
all time framesto obtain

()

Thisin turnresultsin thefollowing leastsquaresolution

(6)
where istheoverallJacobian, isthetotalresidualand
is themeasuremertovariance.The matrix is

block-diagonabndgroupedaccordingto time frames.We
furtheradda stabilizationterm  to the , where
is aconstant.

Notethatthe 2-D measurementgpint anglelimits, dy-
namicsand 3-D key framesarerepresente@srows in
andtreatedin the sameuni ed mannerby the framework.
Theallows great e xibility, e.g.for includingasmary 3D
key framesasrequiredor evenchangingconstraintonthe
y . Handlingpartial missingdatasimply involveszeroing
someof the entriesin Equation6 is solved itera-
tively usingthe Gauss-Neton least-squaremethodwith
asparse-matrixnversionroutine.

5 Results

In gure 6, we presentesultsfrom a FredAstairevideo
sequence. The resultsare shavn in termsof a 3D re-
constructionsequenceavith supersampledframerateand
the associateabsenations. The startand end framesof
the sequenceontainnoisy 3D obsenationsexpressedy
manually-speci ed3D key-frames. The intermediateob-
senationsare2D correspondencegithout depthinforma-
tion. Additionally, becausé¢he3D reconstructiorsequence
is more nely sampledthanthe original video data,there
arereconstructiofirameswhichdonothaveary associated
obsenations.

The two 3D key framesat the startand end of the se-
guencerepresenboundaryconditions. In this 14-frame
sequenceno additional key framesare necessary The
2D correspondencésveto bemanuallyspeci edasnone
of the currenttrackersare ableto track successfullyfrom
videowhenthereis signi cant 3D bodyrotation,whichoc-
cursin our testsequencesThese2D correspondencesre
usedasinput into our 3D estimationframework. The es-
timation involved running the algorithmfor 20 iterations
taking a total of 27 seconds. The nal outputwasim-
portedinto 3D Studio Max and rendered. Given the 2D
measurementghe total time requiredto producethe 3D
reconstructiorwasaboutfour minutes,includingthespec-
i cation of 3D key frames.

In gure 7, we shav the resultsobtainedfrom a 74-
frameice-skatingspin sequence In this sequence8 key

frameswere used. However, only the rst, lastand mid-
dle key frameswere setwith decentaccurag, while the
remaining5 were rotatedduplicatesof the rst and last
key framessimply to keepthe skaterrotatingin thecorrect
direction. The reconstructiorgenerateds highly plausi-
ble. However, a numberof errorscanbe noted, particu-
larly the penetrationof the right foot into the groundin
thefourthframe. Thisis becaus@hysics-basedonstraints
werenot usedfor theresults althoughit shouldbereason-
ably straightforwardto incorporatethese.

In gure 8, resultsare shown for a waltzing sequence.
Theactorin thissequencé wearingmagnetianotioncap-
ture sensorsmakingit possibleto simultaneouslyrecord
his motionin 3-D.

Figure 9 shavs a numberof plots comparing3 joint
angle sequenceobtained from 3-D reconstructionand
motion-capturé The plots shav a strongcorrelationof
the joint angles,althoughthereappeardo be systematic
offsetsat differentpartsof the sequence.

left shoulder

left knee

yyyyyyyyyyy

left hip

Figure9: Comparatieplotsof someoint anglescomputed
from 3D recovery and motion capture. Note that motion
capturedatais signi cantly noisyaswell.

6 PreviousWork

Many researcherbave tackledthe problemof tracking
3D articulatedmodelswith multiple cameras.Rehg[18]
trackedhandsusinganextendedKalman lIter framework.
O'Rourke andBadler[15] andGavrila andDavis [5] used

INotethatmotion-capturalatais highly noisyanddoesnotrepresent
accurateground-truth.
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Figure 6: A 3D reconstructiorsequenceés obtainedat supersampledframerate. The associatedbsenation sequence
comprise®f noisy 3D key frames(startandend),2D correspondenceandnull obsenations(dueto frame-ratedisparity).

Figure 7: 3D reconstructiorfor an ice-skaterdoing a spin. Top row: tracked frames. Middle row: 3D reconstruction
renderedrom similar viewpoint. Bottomrow: renderingfrom analternatve viewpoint.



Figure8: 3D reconstructiorfor a single personwaltzing, wheremotion capturedatais alsoobtained. Top row: tracked
frames. Middle row: 3D reconstructiorrenderedfrom similar viewpoint. Bottom row: renderingfrom an alternatve

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, mary researcherbave attemptedracking
in 2D from asinglecameraHogg[9] andBreglerandMa-
lik [2] studiedthecaseof thehumarwalking parallelto the

imageplane,which limits the solutionto two dimensions.

Hel-OrandWerman[8] appliedjoint constraintso nd 2D
in-planemotion,in bothKalman Iter andbatchsolutions.
Other papersallow motion out of the planeof view, but
only attemptto t a 2D modelto the imagestream[12].

Morris andRehg[14] bothused2D modelswith prismatic
jointsto dothis. Suchtrackingdatamaybe usefulfor clas-
si cation of 3D motion, but it is inadequatedor true 3D
motionanalysis.

Few attemptshave beenmadeto capture3D motion
from a singleimagestream. Goncaleset al. [7] tracked
ahumanarmin avery constraineenvironmentwith mini-
mal re ective ambiguity Shimadaetal. [19] capturehand
motionfrom onecamerausingKalman Itering andsam-
pling the solutionprobabilityspace They exploit join con-
straintsby truncatingthe probabilityspace Thestrengthof
joint constraintdn the handmodelhelpedmake 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 the plane
of visionandno bodyrotation.

7 Summary and Future Work

We presentedhn interactive systemfor recovering the
3D motion of articulatedmodelsfrom a sequencef 2D
SPM measurementsA key featureof our approachis to
expressall constraintsas priors. Theresultingsolutionis
tolerantof errorsin the constraintshemselesaswell as
in theimagemeasurement§-hisis extremelyimportantin
practice,as experienceshows that even humanobserers
have a dif cult time assigningaccurate3-D posesto the
human gure from asinglemonocularsequence.

Our framework exploits a number of constraintsin-
cluding kinematicconstraintsjoint anglelimits, dynamic
smoothingand 3D key frames. The equationsfor these
constraintsverederivedandintegratedinto a 3D batches-
timationframework. The estimationframework is e xible
andcan easily copewith variationin the numberof con-
straintsapplied,andalsowith partialor missingdata.

The favorablereconstructionresultsshown for a Fred
Astaire dancesequencaéllustrate the capability of using
multiple constraintgo reduce3D ambiguity Our system
is reasonablyast,takingaboutfour minutesto reconstruct



a 20 framesequencencludingmanualkey framespeci -
cation.We believe this canbeausefultool for repurposing
archival footageandgeneratinghovel 3D visualizationsof
historic danceperformances.No currentfully automatic
trackingsystemcanaddressuchawide 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-
therhelp disambiguateD pose.We alsoplanto enhance
the estimationframework to cope with remainingun I-
teredambiguities,possibility using a multiple hypothesis
statisticalframework. Finally, we will explore ways to
fully automatethe processof video to 3D gure motion
recovery. Thiswill includetheinterleaving of the 3D es-
timation framework with 2D trackingto improve boththe
robustnes®of 2D registrationandthe quality of 3D recon-
struction.
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