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Abstract

We presenta model-basedramevork for incremental,adaptiveobject shapeestimationand
tracking in monocularimage sequencesParametricstructue and motionestimationmethodsusu-
ally assumea xed classof shaperepresentation(splines,deformablesupeguadrics,etc) thatis
initialized prior to tradking. Sincethe modelshapecoverage is xed a-priori, theincrementalre-
covery of structue is decoupledromtradking, therebylimiting both processedn their scopeand
robustness.In this work, we describea model-basedrameavork that supportsthe automaticde-
tectionandintegration of low-level geometricprimitives(lines)incrementally Sud primitivesare
not explicitly captuedin theinitial model,but are moving consistentlywith its image motion. The
consistencyestsusedto identify new structue are basedon trinocular constaints betweergeo-
metric primitives. The methodallows not only an increasein the modelscope but alsoimproves
tradking accumacy by including the newly recovered featuesin its stateestimation. Theformula-
tion is a steptowards automaticmodelbuilding, sinceit allows both wealer assumption®n the
availability of a prior shaperepresentatiorand on the numberof featuesthat would otherwisebe
necessaryor entirely bottom-upreconstruction.\We demonstate the proposedapptoac on two
sepaateimage-basedradking domainsgad involvingcomple 3D objectstructue and motion.

Keywords: shaperecovery, objecttradking, parametricmodels geometricconstaints, bundlead-
justmentoptimization.



1 Intr oduction

Many applicationssuchasrobustand e xible objecttrackingor genericobjectrecognition,
dependon therecovery of reducedpart modelsthat capturethe coarseshapeof anobject.
For tracking, it is desirableto build modelson the y, but often enoughimagefeatures
cannotbe simultaneouslydetectedandtracked, over sufcient frames,in orderto obtain
the minimum numberof equationdor direct, bottom-upreconstruction.To addresghese
problems variousreducedprior shapemodelshave beenused[24, 1, 13, 40, 28, 29, 16,
44, 25, 26]. Forinstancedeformablesuperquadricsepresena powerful classof models
whoserecovery from rangedatahasmetwith considerablesuccessg.g., [36, 8]. However,
the recovery and tracking of suchmodelsfrom 2-D datahave beenelusive, dueto the
weak 3-D shapeconstraintprovided by a sparsesetof 2-D featuressuchascontoursor
regions. In simple sceneswhereextractedimageregions (or contourgroups)map one-
to-oneto the surfacesof qualitatvely-de nedparts,high-level, parametrigpartrecoveryis
possible[12, 11]. However, for imagesof real objects,in which salientimagefeaturesdo
not necessarilynapto salientmodelstructureg]23], therecovery of the coarseshapeof an
objectis anopenproblem.

Considey for example,the situationin which only a small portion of the objectcan
be t, albeitcrudely with a setof qualitatvely de ned, parametricvolumetricparts. For
moving objectsor camerasthe estimate®f boththe shapeandposeof the partscouldbe
improvedby trackingthem.In previouswork, a similar approactwasusedto successfully
tracksimple,part-baseabjectsin imagesequencefb, 11]. However, if the partcoverage
is poor, i.e., muchof the object’s shapeis not modeledby the recoreredparts,or if the
level of abstractiorhigh, i.e., thereis little pixel-basedcorrespondencketweendetected
imagefeaturesandprojectedmodelfeaturesneitherthe accurag of the recoreredshape
andpose horthescopeof themodelwill improve with tracking.How, then,canwe exploit
themotionof the objectto improve boththeaccurag andscopeof therecoveredshape?

In this paperwe presentadynamic,incrementabpproacho shapeecovery andtrack-
ing, assuminghat at leastpart of the model canbe recoreredduring initialization. We
adopta parametricramenork, where3-D volumetric part modelscanadaptto the data.
While in theinitial frame,the poseandshapeof the partsmaynotbeaccuratelyrecovered,
astheobjectmovesthe motionis trackedandthe partshapee ned. We showv thatthemo-
tion estimategrovided by the initial partscanbe often sufcient to identify otherobject
structurethatis moving consistentlywith them. Here,we usegeometricconsisteng con-
straintsto verify relationsbetweertherigid parametersf the 3D modelandindependently
moving imagelines. Consistentines arereconstructeé@ndincludedin the 3D modelin



orderto improve its shapeandmotionestimationovertime !

Organization: Following a discussiorof relatedwork, in 2 we presentour parametric
model estimationframenork in termsof geometryand dynamics,while in 4, we give
a framework to incrementallyintegrateconsistentlymoving line featuresinto the model.
In 5, we discusswo experimentsnvolving objectswith complex shapeandmotionand
show thatthe methodis ableto recorer new modelstructureef ciently from monocular
video sequencesOur quantitatve resultsshowv thattheincrementallyrecoveredstructure
signi cantly improvestheaccurag andspeedf thetrackingprocessproviding important
constraintsespeciallyduring dif cult-to-estimate degenerateobject con gurationswith

respecto thecamera.

2 RelatedWork

Approachesto structureand motion estimationcan be broadly classi ed as top-dovn
(model-basedandbottom-up(feature-based)Model-basededniquesrely on minimiz-
ing a residualerror betweenmodel featurepredictionsandimage obsenationsassigned
to them: (i) CAD-basedmethods[24, 1, 13] assumeprecise,off-line constructedigid
objectmodelsandestimatetheir motion usingnon-linearleast-squaresDespitetheir ef-
fectivenesssuchmethodsarelimited to trackingknown objectshaving x ed,non-adaptie
shapes(ii) Physics-baseftamenorks[40, 28, 29, 16] employ eitherreduced.o.f. object
parameterizationsik e splinesor superquadricsyr point-basedepresentationwith regu-
larizedphysicalpropertie$ . Froman optimizationviewpoint, the deformableapproaches
involve quadraticenepgy functionsandaresolvedusingestimationscheme$®asedn gra-
dientdescento nd local minima. (iii) Parametricmodels[44, 25, 26] are speci cally
built to representertainclassef objects,but without physicalanalogy Althoughtheir
formulationis differentfrom the physics-basethethodsthey aresimilarin termsof e x-
ibility andmathematicatreatmentj.e., their structuralandrigid parameterareestimated
iteratively usingnon-lineartechniques.
Bottom-upfeature-basedtructureandmotionestimatiortechniquesglifferin thetypes
of correspondencdg®-D to 2-D, 2-D to 3-D, or 3-D to 3-D) andfeatureqlines, points,or
corners)assumedwailable— see[21, 18] for a review. Somereconstructioralgorithms
arebasedon trilinear (or moregenerallymultilinear) constraintdetweerpointsandlines
[37, 32, 17] in multiple views. Others[7, 45, 14] incrementallyreconstructfeaturesas

1The modelstatecombineshigherlevel 3D shapeparameterandlow-level line features The shapehas
apointdiscretizatiorandimagemeasurementarecollectedfor pointsandlines( g. 1).
2Regularizationis basedn “physical' measuretik e stiffnessor damping.



they becomeavailable, by exploiting pairwisedistanceor (for lines) angularinvariance
constraints. All thesemethodsrequirea minimum numberof simultaneouslyavailable
features,in orderto obtainenoughequationgo directly solve for structureand motion.
Rigid non-linearatchapproachef38, 2, 39] canwork with missingfeaturesandarebased
on theinversionof the forward model,a methodcloselyrelatedto the relative orientation
algorithm[20]. Deformablebatchmethodd3] extendclassicafactorizationscheme$42]

to recover alineardeformablemodelrepresentatioandthe cameramotion, undercertain
rigidity assumptions.

In this work, we rely on e xible parametriomodels[44, 40, 28, 29, 16, 25] asbasic
representationgdrimitives. Neverthelessas powerful asthesetechniquesare,they have
two importantlimitations:

(i) Fixed Repesentation A commonassumptions that the model representatioris
x ed andknown a-priori, sometimesmposinga heary burdenon initialization [12, 11].
Furthermorearepresentationaapexistsbetweerthecoarsehigh-level parametrichapes
usedto modelthe objects,andlow-level featuredik e points,lines, cornersor curved con-
toursthat canbe detectedn the image[23]. It is not obvious how to bridgethis gapto
represenbbjectmarkings,discontinuities,or other ne surfacedetail throughthe inclu-
sion of otherbasicgeometricprimitives,e.g., linesor planesgetc In fact, the diversity of
parameterizationsorrespondingo differentfeaturesat differentabstractiorevelsusually
leadsto dif culties whenintegratingthemwithin a singlerepresentatioor optimization
procedurg31]. Our methodaimsfor a representatiothatis e xible, canbe estimated
jointly (in a singleoptimizationproblem),provideshigherlevel abstractiorandlow-level
imagecoverageandcanbere ned andaugmentedluringtracking.

(i) Estimationand Dimensionality The e xibility of anobjectrepresentatiothatcan
adaptcomesat the expenseof more parameters$o estimate.To avoid singularitiesor ill-
conditioning,it is importantto usecomplementarymagecuesthatcaninducelocal min-
ima with large, stablebasinsof attractionin parametespace.(For goodmodeling,these
correspondo true objectlocalizationin theimage.)Methodsfor constraintcue)integra-
tion in amodel-basedramavork have successfullyusedcontoursandstered41], shading
and stereo[16], contoursand optical o w [9], and shading[30]. Beyond the particular
choiceof sourcesof informationthey use,theseapproachesliffer in the way they fuse
them. Somecombineinformationin a symmetricmanneyweightingit statistically(e.g.,
softconstraints)Othersfavor a particularhierarchicaktonstrainsatistctionorderwith an
exact policy, suchthatinconsistentcontritutionsto the solutionfrom constraintsurther
down in the hierarchyareprunedaway by constraintigherup (hard constraints).

We work in arobustmodel-basetrackingframewvork, wherewe assumeanincomplete



initial modelandrecover additionalstructureusinggeometricconsisteng tests. The tests
are basedon thoseusedin separatebottom-upstructureand motion estimationfor 2-D
to 2-D line correspondences the Euclideancalibratedcase[21, 27, 46]. Unlike these
approachesywe assumeanincompleteadaptve model,andwe do not solve for the rigid
parametern a bottom-upfashion.Instead giventhe model's estimatedigid parameters
andindependentlyrackedlinesin theimage,we testonly if thesemotionsareconsistent,
and reconstructhe lines that passthe test. Their image contritution is fusedtogether
with point-basedcontourandintensity obsenationsinto an augmentednodel-basedost
functionfor tracking( 4.5).

3 Model Representationand Estimation

Thenext two sectiongeview the geometricnodelingandoptimizationusedin our frame-
work (se€[33] for details).We describehow new imagefeaturesinitially notmodeledare
detectedandreconstructedandhow we designmodi ed costfunctionsthatincludethem.
Model parametergire computedusinga robust MAP estimator For increasedeliability,

this canbe embeddedn a multiple hypothesidramework [19, 4, 34]. Giventhe second-
ordercontinuity of our costsurface,direct multiple minima searchmethodq35] arealso
applicable.

3.1 Model Geometry

Thereferenceshapeof the modelis de ned overadomain as , WhereG
de nes a global deformationbasedon parameters , and Is an elementof the
model discretization(a point on its surfacemesh). The modelis representedavith (pos-
sibly) multiple deformablesuperquadri@llipsoid partshaving global taperingandbend-
ing deformationg36, 40]. The predictionof anelement in theimageis computedas

, WhereT is arigid displacementepresentetty ,and isaper
spectve imagetransform. The rigid andnon-rigid parametergsre assembledn a model
statevector . The stateis alsoaugmentedvith incrementallyrecorered3D line
parameterg¢seeg. 1).

3.2 CostFunction and Optimization

During tracking,robust prediction-to-imagenatchingcostmetrics,andtheir gradientand
Hessians, , areevaluatedfor eachpredictedmodelfeature (for modelfeature ),



andtheresultsaresummedverall featureso produceheimagecontritutionto theoverall
parametespacecostfunction. We useimage-basedostmetrics,suchasrobustnormalized
edgeenenpy, intensity-basedostmetrics,andfeature-basedostmetrics(for new linesthat
areincrementallyrecovered).Thus,we (implicitly or explicitly) associatéhepredictions
with oneor morenearbyimagefeatures . Thecostis arobustfunction of theprediction
error , Where canbeary increasingunctionwith and
— —. Thismodelserrordistributionscorrespondingo a centralpeakwith scale
andawidely spreacbackgroundf outliers .

Theoverall parametespacecostfunction consistof termsfrom contour , intensity

, andincrementallyreconstructedines : . Model stateestimation

is basedon local costoptimization. We usea secondordertrustregion method,wherea
descentirectionis choserby solvingtheregularizedsubproblen{15]:

, Where is asymmetricpositive de nite dampingmatrix, is adynamicallychosen
weightingfactog —, and —. In our case, and

. Speci c formsfor individual featurecostsaregivennext.

3.2.1 Contour Cost

Simpleimagepreprocessingperationsare usedduring featureextractionfor the contour
likelihood,asfollows: 1) theimagesaresmoothedvith a Gaussiarkernel;2) they arecon-

trastnormalized;3) a Canry edgedetectionis applied;and4) an edgedistanceChamfer
imageis computed.Giventhe distanceimage,we build a 2-dimensionatontinuouspo-

tential surface, - , by tting local quadricsurfacesto 3x3 imagepatches
(thisis awindowedparabolic tting method alsoknown asSavitsky-Golay lItering). The

gradientand Hessianmatricesof the correspondingontourcostterm (appliedto model

featureghatlie on occludingcontoursor on high surfacecurnvature)canbe derived from

themodel-imagelacobiarandthe corresponding quadricterms:

— 1)

— — (2)

3.2.2 Intensity Cost

To modelnotonly geometriamagefeatureslik e edgesbut alsoimageintensityvariations,
weusecostmodelsbasemdnintensityresiduals, . Theobsenablesareimagegrayvalues



or colors, , ratherthanfeaturecoordinates . To transferfrom a point projectionmodel,
, to anintensity-base@ne,we composewith the assumedocal intensitymodel,
, andpremultiply point Jacobiandy point-to-intensityJacobians;—. Giventhe
intensitycost: - , thegradientis:

— (3)

Similarly, the costHessiann a Gauss-Neton approximations:

- - @

Usedin optimization,the intensity costprovides soft' model-baseaptical o w con-
straints.Implicitly, theimagepatchesunderthe 3D modelpredictionduring initialization
(or thepreviousimageduringtracking)areregisteredagainsthe currentimage.Theinter
frame o w is explainedby the 2D variationsallowed by the shapeandmotion parameters
of the 3D model. We collect measurementat visible model nodesinside the predicted
convex-hull and avoid the occluding contoursbecauseof likely optical o w constraint
boundarwiolations.

4 Line Feature Formulation

In 3, trackingis basedon robustestimation wheremodelparametersre constrainedy
contourandintensityobsenations.Thesearelocalizedin the neighborhooaf predictions
for the already-knavn modelparts. In this section,we shov how new lines canbe inte-
gratedinto the model— thesearenot partof theinitial model,but evidencefor themexists
in theimage. Trackingstartswith a minimal model,andincrementallyover time, we: 1)
identify line featuresmoving consistentlywith the model,and2) augmenthe modelwith
thosefeaturedo improveits tracking.

Our incrementatrackingmethodis basedon image-level andmodel-level processing.
We usecontourandintensity obsenationsto estimatethe rigid andnon-rigid parameters
of the model. Independentlywe useimage-basedechniquedo detectand track lines
(This involvesinterestpoint trackingandline tting, see 5). Theseareimage-traded
lines(ITLs). We decideif anITL (not presentin the model)belongsto the objectusing
two geometricconsisteng tests,derved from ITL's in at leastthreeframes. The lines
that passthe testare consistenimage-tracked lines (CITLs) . We recover CITL structure
in amodel-centeredoordinatesystemandpredicttheir appearancen subsequenmages



basednthecurrentestimateof themodel'srigid motion. Thesepredictionsarethemodel-
predictedines(MPLSs). Theerrorbetweera CITL andaMPL is usedto de ne additional
imagealignmentcostterms. The reconstructedines are then re-estimatedointly with
othermodelparametersto improve robustnessandremove bias. Thetrackingpipelineis
shavnin g. 1.

Non-Rigid Point Contour/

,,,,, __p | Parametric Project —»| Intensity
Transform \ / Transform Observati  ons

2D topological mesh Traﬁlsgf:)drm \
Line Normal
_—— Project —»|  Alignment
—_ Transform Observation s
Parametric Model w ith / Model E stimation

Discretized  Mesh and Lines 3D lines Rigid and Non-Rigid ~ Cue Integration Pi peline

Figurel: Estimationpipelinefor incrementatracking. Ontheleft, we showv theparametric
modelandincrementallyrecoveredlines. On the right, we give the predictive pipeline
thatrelatesmodelparameterso imagemeasurementuringtracking. Therecoveredline

featuresareincludedin themodel,andall parameterarejointly estimatedn anon-linear
re nementloop asfollows: the coarseshapeparametershe new reconstructedines,and
thecommonrigid parametersThis givesrobustandunbiasedesults.

4.1 Line parameterization

We denote3-D lines by ), andtheir projectedimagelines (or segments)
by ). A 3-D line is parameterizedby a unit vectorv, representingpone
of its two possibledirections,and a vectord perpendiculato (see g. 2). Thisis a
6-dimensionabver-parameterizationvith only 4 intrinsic d.o.f. The constraintsamong
variablesdeterminea 4-dimensionamanifold in the 6-dimensionalepresentatiospace,
andary line canbeidenti ed with two pointson this manifold[22, 39].

Theline andtheoptical centerof the cameradeterminea plane(theline's interpreta-
tion plane)with normal, . Theinterpretatiorplaneintersectsheimage
plane,de ned by (with thecamerdocallength),at . Theequationof is:

®)
The relationallows the planenormal containinga 3-D line to be recoreredfrom the
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3D line
Figure2: Line parameterizatiomsingdistanceandunit directionvectors. The represen-

tationis 6-dimensionalput thereareonly 4 d.o.f.,dueto unit directionandorthogonality
constraints.

image plane

Figure3: Line motionin threeframes.



equationof its projection. Given a plane, , andary
point belongingto theinterpretatiorplaneof aline, the planeequation
¥

4.2 Model-BasedConsistencyTests

Standardformulationsfor structureand motion estimationusing imageline correspon-
dencedeg., [21, 46, 27]) rely on threeframesandat leastsix line correspondencesil-
thoughno formal proofis yet available[21]) to uniquelyrecover the structureandmotion
of arigid objec®. For thetwo view case the resultingsystemof equationgloesnot con-
strainthe motionatall. Thereis a consistenstructurefor ary setof imagelinesandary
motion.
Considethemotionof aline, , in threesuccessieframes( , With direction
) andimageprojections ( ). Themotionbetweerframes and
hastranslation , androtation , whereador frames and ,theseare and .
The normalsof the interpretationplanes, , determinedby  andthe centerof
projection,are , respectiely (seeg. 3).
The constraintdbetweenine normalsandtherigid motionin 3 framescanbe derived
eithergeometricallyor algebraicallyas[21, 27, 46]:

(6)

(7)

In thismodel-basedpproachye donotdirectly solve for rotationandtranslation Instead,
givenamodelwith knownmotionandindependenkTLs, we verify if thelinesmove con-
sistentlywith themodel(CITLs). GivenanITL in threeframeqi.e., knoving , and
) andtherigid motionof themodel(i.e., . , ), therelationsg(6) and(7) are
usedto testif the 2-D line motionis consistentvith the 3-D rigid motion. It canbeshowvn
that(6), (7) arenecessarandsufcient conditionsfor consisteng®. If thetestis veri ed,
we hypothesizdghattheline is part of the objectandwe includeit in its model. Notice
thatthis model-basedkstis e xible. It canapplyto individual ITLs anddoesnotrequirea
minimal setof three-framdTLs, asin bottom-upstructurefrom motionalgorithms.

3Within a scalefactorfor translatiorandstructureparameters.
4A 3D line has4 intrinsic degreesof freedomwhile a projectedmageline hasonly 2. Measurementare
collectedin 3 framessothiswill determine3x2-4=2independentelations.
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4.3 Model-BasedStructure Recovery

Onceamoving imageline hasbeenassignedo themodel,we reconstrucits 3-D structure,
ie., , iIn amodel-centeredoordinatesystem.To increaseobustnesspnecanuseas
mary line correspondenceana asmary frames(at leasttwo) asareavailable. Thisis done
asfollows: all interpretatiorplanedor thelinesin thecameracoordinatesystemaretrans-
formedto acommonmodel-centeredoordinatesystem.Eachline, , with interpretation
plane, ,isdisplacedy , Where:

(8)

is the displacemenof the cameraand is the displacemenof the model(in the world
coordinatesystem)in imageframe . The equationof the planein the object-centered

coordinatesystemis: . By stackingtogetherthe equationdor all
lines,we obtain:

(9)

All the planeshave to intersectata commonline, sothe [k x 4] matrix A shouldhave
rank2. Any point ontheintersectindine canbewritten asa linearcombinationof the
singularvectorscorrespondingo the 2 smallestsingularvaluesof

(10)
Theline canbereconstructeas:
— (11)

The stability of the reconstructiorcanbe veri ed in termsof theratio of the 2ndand
3rdsingularvaluesof A (in thenoise-freecasethelasttwo singularvaluesshouldbezero),
beingsatisaictorywhenthis ratiois high. This linear method althoughrobust, is proneto
biasin theinitial line parameteestimatesdueto x edrigid displacementsTo remove
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bias,we work in anon-linearestimationframework, thatjointly re-estimatesll themodel
parametergincluding new reconstructedines), basedon robust, statisticallymeaningful
errornorms.

4.4 Forward Model Line Prediction

Once consistentlines (CITL) have beenidenti ed, reconstructedand includedin the
model,they areusedto improve trackingby providing additionalconstraintson the align-
mentwith theobject.

Nz

image plane

Ripdg + ti2

Ri2vi

Figure4: Forwardline transferunderthe actionof the Euclideangroup.

Considerthe two frame case,asshovn in g. 4. Given , andthe model
rigid motion , We canobtain as:

(12)

(13)

(14)

TheJacobiarof the3D line transformw.r.t. structureandmotionparameters comple
but straightforvard to derive analytically (we usedMaple for automaticdifferentiation).
Given a line representeds: , andthe rigid model parameters, , we
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Figure5: Line alignmenterroris basedon thealignmentof thetheir interpretatiorplanes.

concatenatstructureand motion parametersas: . The Jacobiarof the
line parametersvith respecto themodelparameterss a[6x13] matrix: —.

4.5 Line Cost

Givena MPL, asin (5), anda CITL, we de ne 2-D residualerrorsfor their misalignment
(see g. 5). Thetransformin (14) mapsa 3D line to theinterpretationplanenormalused
for alignment.Thisinvolvesthecomputatiorof a[3x6] Jacobian: —. TheJacobian
— for the transformthat takesthe line representatiom the modelframe,through

themodelrigid motion,into aninterpretatiorplanenormal,is computedvia the chainrule
usingJacobians and

Given ,thenormaloftheCITL interpretatiorplane,and , thenormalof theMPL
interpretatiorplane,the cost correspondingo errors ,overan
ensemblef lines,is:

- (15)

Theoverall costgradientandHessiarusescontour intensity andline obsenationsc.f.

STheseareparametergstimatedvith contricutionsfrom imageline obsenations,but do notincludethe
shapeparameters (see g. 1). The vectorthushas7 parametergor the rigid motion (representeavith
guaterniongor rotations)and6 parameter$or the 3D line.
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(1), (2), (3), (4) and(15), respectiely:
(16)

17)

The useof a robust error norm toleratesincorrectline hypotheses.For example,al-
thoughinitially detectedasconsisten{andincludedin the model),aline canberemoved
from themodelif it persistdbeinganoutlierfor along periodof time. Detectingsuchsitu-
ationsinvolvesverifying whetherthe outlier's costin uence wassuppresseby therobust
normduringlargetime periods.

\

@) (b)

Figure 6: (a) Initial model. (b) Reconstructeanodel includesthe initial chain of su-
perquadricparts, modelingthe centralframe of the bike, and the incrementallyrecon-
structedines(in yellow), overlaidonthe objectin theimage.

5 Experiments

Theexperimentsve shav consistof two monocularsequencegachcontainingd4 seconds
of video (200 framesrecordedat 50 fps) of a moving bike ( g. 9) andof a spacerobotics
end-efectorgrapple xture (g. 11). Both sequencesvolve signi cant translationaknd
rotationalmotion in the cameraframe. Part of the bike structureis modeledandtracked
usinga modelmadeof 3 pieces( g. 6a), whereaghe grapple xture is modeledusinga
singlesuperquadri¢ g. 7a). Theinitial modelshapeandposewasprovided manuallyin

14
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(@) (b)

Figure7: (a) Initial model. (b) Reconstructednodel,with additionalstructuregin gray)
shavn in goodalignmentwith theincrementallyrecoveredlines.

all experiments An initialization methodbasecn aspecgraphg12, 11] couldbeusedto
automatehe processbut we haven't pursuedhis here.Themodelsaredisplayedoverlaid
andrenderedat-shadedgray(thebike sequencedndbrovn wireframe(thegrapple xture

sequence)espectiely®. Therecoreredmodelsareshavnin g. 6band g. 7b, wherethe
incrementallyreconstructedines appearto be in goodalignmentwith the ridgesof other
non-modeledurfacesof the object.

In a rst experiment,we try to track the grapple xture usinga non-adaptre model
madeof a superquadriavith x ed parameterg g. 8). Trackingfails dueto theincorrect
shapeand poseinitialization. The modelappearswvell tted in frame 60, but asthe ob-
ject moves, it becomeglearthat the initialization wasinaccurate. The model gradually
drifts andultimately fails to trackin frame208. Suchsituationscaneasilyoccurin mary
applicationsdueto uncertainmonocularinitialization (e.g. dueto viewpoint degenerag),
incompleteshapecoverage or partialocclusion.

We have alsorun trackingexperimentsusingadaptve, incrementallygronving models,
on the bike andthe grapple xture sequencesin both of them, prior to new line recon-
struction,wetrackusingtheinitial partmodelandusecontourandintensitymeasurements.
Therestof the sequencéonceCITLs have beenidenti ed) is tracked usingthe enhanced
model, with new incrementallyreconstructedines. They augmentthe parameteispace
and provide additionalalignmentresidualsbetweenCITLs and MPLs. Lines not part of

SWe usea ne, uniform superquadrice-tessellatiorior tracking[g, but displaythe curvaturebasedone
for betterimagevisualization.The meshappearsparseébecauséts pointsaredenselyconcentrateét sharp
cornerson thesurface.
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(a)frame60 (b) frame100

(c) framel30 (d) frame160

(e)frame180 (f) frame208

Figure8: Usinganuncertainmanuallyinitialized non-adapiie model(brown wireframe)
leadsto trackingfailure. Although initially the modelappearedvell tted, the motion
revealedthatthe shapewasincorrect. The imperfectinitialization andthe useof a model
thatcannotdynamicallyadapteventuallyleadto trackingfailure.

theinitial modelsaretracked usingan independentine tracker, basedon interestpoints
with line tting in eachframe.Thelinesaredetectedisingamethoddescribedn [6]. This
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(a)frameO (b) frame40

(c) frame80 (d) frame130

(e)framel70 (f) frame200

Figure9: Trackingandaugmentinga bike model(bike triangularframe,gray at shaded)
with additionallines. The MPLs areshawn in yellow, the CITLs (green)arealsovisible
on color plates.We shaw all thereconstructedines(theirMPL) in all frames but linesare
reconstructeéhcrementally(seetext).
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identi es edgelsandtheir orientationshypothesizesinesthroughthem,andselectshose
having stronglysupportecedgelsusingRANSAC (see[6] for details).

It is importantthattherigid motion estimationis accuratepecauset affectsboththe
validity of the consisteng testsand the quality of line reconstruction. In practice,the
modelsareinitialized manuallyandtheir parameterareusuallyuncertain.Therefore we
neithertestconsisteng nor reconstructines immediatelyafter initialization, but allow a
delay (about20 frames)so that the modelslock onto the data. Resultsfor the runsare
shovnin g. 9and g. 11. Linesdeterminedas CITLs areplottedgreenwhile the model
reconstructe@ndpredictedinesareplottedyellow.

In thebike sequenceahelinearreconstructioris basedn 12 frameswithin theinterval,
20-60. Although no lines arereconstructedintil frame 20 in the bike sequencetheir re-
projectionis displayedover the entire sequence.Becauseeconstructiorusesa model-
centereccoordinatéframe,thelinescanbe predictedbackwardin theinitial imageframes
oncethemodelmotionhasbeenestimatedln thegrapple xture sequencdinesareshowvn
asthey areincrementallytracked andrecovered(thus,somearenot visible initially). The
consistenyg testsare performedseveraltimesfor differentgroupsof lines, in frames(20,
40, 60), (120, 140, 160) and (160, 175, 190). The testsare evaluatedusinga threshold

thatworkedwell acrosghesequencewetried. Thestability of thereconstruction
is checled by the ratio of the 2nd and 3rd singularvaluesassociatedavith the matrix A.
This givesa principledcriteriafor decidingif asetof linesandtheirdisplacementsupport
accuratereconstruction. Potentialbias in the linear reconstructions eliminatedby re-
estimatinghelinesjointly with all therigid andnon-rigidmodelparameters anon-linear
loop. Indeed,in bothsequenceég. 9 and g. 11),thepredictionsrom linesaddedto the
modelcorrectlyalign with thelinesof theobjectin theimage.
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Figure10: The numberof iterationsperframe(Bezierinterpolation)decreasedueto the
additionof line constraints.
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Trackingis morestableandaccurateasmoreline featuresarereconstructe@ndused.
In g. 10 we give quantitatve plots that showv the decreasén the numberof iterationsof
our non-linearoptimizerasmoreline residualsareaddedto the modelcostfunction. The
averagepernodemodelerrordecreasefom 0.9 (initially) to 0.4 pixels (frame60) in the
bike trackingsequenceandfrom 1.2 pixels (initially) to 0.8 (frame60), 0.6 (frame160)
and0.2 (frame190)in the grapple xture sequencerespectrely. Clearimprovementsare
noticeablee.g., for the dif cult-to-track towards-cameranotion at the endof the grapple
xture sequence.

Forthegrapple xture sequenceye alsoanalyzethetrackerfailuremodeswith respect
to inaccuraciesn line detectionanddifferentcosterrordistributions. We performedrack-
ing runsusing costsbasedon Gaussiarand Lorentzianerror distributions[33]. We also
simulatedtwo noiselevelsin the line featureextraction,wherewe perturbedthe tracked
pointsby 2 and 4 pixels beforeline tting /. Thesesetsof experimentsareidenti ed as
G2, G4, R2, R4 (G is for GaussianR for robust, and the digit givesthe noiselevel in
thefeatureextraction). We decidetrackingfailure by visualinspectionat the framewhere
the modelstartsdrifting from the object: e.g., in g. 8, this occursaroundframe 135. We
found G2=163,G4=147,R2=198,R4=175,with a clear performanceadvantagefor the
robustoptimizer The accurag of line detectionbecomegritical towardsthe end of the
sequencégframe 180),wheresmall errorsin the 3D rigid motion estimationcanmake the
modelwidth parametersighly uncertain(closeto unobserable). This is causedoy the
incidentalalignmentof themodel's depthaxiswith the cameraay of sight. In suchdegen-
eratecasesthe estimatedigid motionis signi cantly improved by including new lines,
providedthesecanbe detectedaccurately

6 Limitations and Futur e Work

The approachwe have presenteciimsat e xibly modelingandtrackingobjects,but still
haslimitationsthatmotivatefutureresearch:

1. Weassumehatatleasta portionof the objectcanbe modeledusingsimplevolumet-
ric parts,andthatat leastoneof themcanbecoarselyt usingaparametrianodel.
Previouswork addressethe directrecovery of volumetricdeformablemodelsfrom
2-D imaged[10, 11]. Thatwork assumedhatimageregionsmappedo volumetric
partsurfaceswhich turnedout to be a strongassumptionMore recentresearcthas
investigatedechniquegor model-basedegion meging [23].

"Thevarianceof the costerrordistributionis 1.5in all experiments.
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(a) frameO0, noreconstructedines (b) frame40, 3 reconstructetines

(c) frame80, 3 reconstructedines (d) frame120,4 reconstructedines

(e)framel160,7 reconstructedines (f) frame190,10reconstructedines

Figure 11: Grapple xture modeltracking (the grapple xture modelin wireframe,in
brown) with MPLs (yellow). CITLs (green)arealsovisible on color plates. The model
increasests scopeduring trackingand 10 additionallines, initially not modeled,arein-
crementallyreconstructe@ndintegratedinto estimationby frame190. The shapeandthe
motion of all featuregsuperquadriparametersadditionallines, rigid motion) arejointly
estimatedn anon-linearoop to avoid bias.
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2. The consisteng testsandthe incrementaktructureaddedto the modelis currently
restrictedo lines,whereasestimationappliesto amodeldiscretizedwith pointsand
lines. Theframewnork canbe extendedo planarsurfacepatchesaandcurves.

3. Asdiscussedn 1, along-termcomputervisiongoalis e xible objectmodelingand
gualitatve shaperecovery for recognition. The framework presentedhereimproves
theshapeandmotionestimationof someinitially recoveredvolumetricmodelparts,
andaddsadditionalstructureto them. Still, arepresentation@apexistsbetweerthis
structure,in the form of lines, andthe volumetricparts,usefulfor qualitatve mod-
eling andrecognition. It would be interestingto groupthe incrementallyrecovered
featuresandrecover volumetricpartabstractionsrom them.

7 Conclusions

We have presentec framework for incrementamodelacquisitionandtrackingusingpara-
metric adaptve models. We relax the constraintthat the modelhasto be entirely known
a-priori,andenhancets basicdiscretizatiorstructurein termsof pointsandlines, but pre-
sene a higherlevel representationn termsof parametricshapes.This allows a e xible
useof model-basedeometricconsisteng testsfor incrementalBD line featurerecovery
and eliminatesthe needfor minimal setsof featurecorrespondence$at may often not
be availablefor direct, bottom-upreconstruction.Trackingrobustly combinedinear and
non-linearestimationtechniquegndaugmentshe initial model-basedostfunctionwith
new line measurementsWe have experimentallydemonstratedjood reconstructiorand
tracking accurag in two separatemage domains,both involving objectswith complec
structureandmotion.
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