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Abstract—We proposea modelof the shapemotionandappearancef a sceneseenthrough
asequencef imagesthatcapturescclusionsscenedeformationsarbitraryviewpoint variations
and changesdn its radiance. This modelis basedon a collection of overlappinglayersthat can
move anddeform,eachsupportinganintensityfunctionthatcanchangeovertime. We discusghe
generalityandlimitations of this modelin relationto existing onessuchastraditionaloptical o w
or motion sggmentation Jayers,deformabletemplatesand deformotion. We thenillustrate how
this modelcanbe usedfor inferenceof shapemotion, deformationandappearancef the scene
from a collectionof images. The layering structureallows for automaticinpainting of partially
occludedegions.We illustratethe modelon syntheticandreal sequencewhereexisting schemes
fail, andshov how suitablechoicesof constantsn the modelyield existing schemesfrom optical

0 w to motionsegmentatiorandinpainting.



1 Intr oduction

We are interestedin modelingvideo sequencesvhere changesoccur over time due to viewer
motion, motion or deformationof objectsin the scene- including occlusions- and appearance
variationsdueto the motion of objectsrelative to the light sources.A suitablemodelwill trade
off generality by allowing variationsof shapemotionandappearanceyith tractability by being
amenabldo inferenceandanalysis.The goal of modelingis to supportinference anddepending
ontheapplicationonemaybe moreinterestedn recoveringshapge.g.in shapeanalysisclassi -
cation,recognitionregistration),or recovering motion (e.g. tracking,optical o w), or appearance
variations(e.g. sggmentation)ncluding restoration(inpainting). Traditionally, the modelingtask
hasbeenapproachedy makingstrict assumption®n someof the unknavnsin orderto recover
the others,for instancethe brightness-constag@assumptionn optical o w, or theaf ne warping
in shapeanalysisandregistration. This is partly justi ed becausen ary image-formatiormodel
thereis ambiguity betweenthe threefactors— shape motion andappearance andthereforethe
mostgenerainferenceproblemis ill-posed.In someapplicationsfor instancevideocompression,
the ambiguityis mootsinceall that mattersis for the modelto capturethe sequenceasfaithfully
andparsimoniouslyaspossible. Neverthelesssinceall threefactorsaffect the generatiorof the
image,amoregermanepproactwould call for modelingall threejointly, thenletting compleity
dictatethe responsibilityof eachfactor andthe applicationdictatethe choiceof suitableregu-
larizersto make the inferencealgorithmswell posed. We thereforeconcentrateur attentionon
modeling,not on ary particularapplication.So, this is not yet anothempaperon tracking,nor on

motionseggmentationnor onoptical o w, nor on shapeaegistration.lt is alittle bit of all.



We proposea modelof imageformationthatis generalenoughto captureshapemotionand
appearanceariations(Section2), and simple enoughto allow inference(Section4). We want
to be ableto captureocclusionphenomenghenceour modelwill entaila notion of hierarchy or
layering we wantto capturamagevariability dueto arbitrarychangesin viewpointfor non-planar
objects henceour modelwill entailin nite-dimensionaldeformationf theimagedomain.Such
deformationscan be due to changesn viewpoint for a rigid scene,or changesf shapeof the
sceneseenfrom a staticviewpoint, or ary combinationthereof. Our modelwill not attemptto re-
solve this ambiguity sincethatrequireshigherlevel knowledge.Furthermorewe wantto capture
large-scalemotion of objectsin the sceneasopposedo deformationshencewe will allow for a
choiceof a nite-dimensionalgroup,e.g. Euclideanor af ne, separatérom in nite-dimensional
deformations.Finally, we wantto capturechangesn appearancehencesceneradiancewill be
oneof theunknavnsin our model. Changesn radiancecancomefrom changesn re ectanceor
changesn illumination,includingchangesn themutualpositionbetweerthelight sourcesandthe
scene;again we do not attemptto resole this ambiguity sincethatrequireshigherlevel knowl-
edge. The image-formatiormodelwe proposes not the mostgeneralthat onecanconceve; far
from it. Indeed.,it is farlessgenerathanthe simplestmodelsconsideredcceptablén Computer
Graphicsandweillustratethelack of generalityin Sectiori3, Neverthelessit is moregenerathan
ary othermodelusedsofarfor motionanalysisn ComputeiVision, aswe discussalsoin Section
[3, andis complex enoughto be barelytractablewith the analyticalandcomputationatoolsat our
disposaltoday We posethe inferenceproblemwithin a variationalframework, involving partial

differentialequationsjntegratednumericallyin the level setframevork [[15], althoughary other



computationaschemeof choicewould do, including stochastigradientsor Markov-chainMonte
Carlo. The point of this paperis to proposea modelandshaw thatit canbeinferredwith atleast

oneparticularcomputationaschemenot to adwocatea particularoptimizationtechnique.

1.1 Relationto existingwork

Thiswork relateso awide bodyof literaturein scenemodeling,motionestimationshapenalysis,
segmentation andregistrationwhich cannotbe properlyreviewed in the limited spaceavailable.
In Section3 we illustrate the speci c relationshipbetweenthe model we proposeand existing
models. Theseinclude Layers[21, [12], which only model af ne deformationsof the domain
and canthereforeonly captureplanarscenesundersmall viewer motion or small aperture,and
wherethereis no explicit spatialconsisteng within eachlayerandthe appearancef eachlayer
is x ed. As we will illustrate,our modelallows deformationghatcanmodelarbitraryviewpoint
variation, modellayer deformationand enforcespatialcoherencewithin eachlayer One could
think of ourwork asa generalizatiorof existingwork on Layersto arbitraryviewpointchangesor
arbitrarysceneshapeandto changesn radiance(texture), all castwithin a principledvariational
framework.

Our work relatesto a plethoraof variationalalgorithmsfor optical o w computation for in-
stance[18, 1, 8] andreferencegherein,exceptthat we partition the domainandallow arbitrary
smoothdeformationsas well as changesn appearancéthat would violate the brightnesscon-
stang constraintshatmostwork on optical o w is basedon, with afew exceptionse.g.[10)). It

alsorelatego variousapproache® motionsegmentationwherethedomainis alsopartitionedand



allowedto move with asimplemotion,e.g.Euclideanor af ne, seefor instancq7] andreferences
therein.Suchapproachedo notallow deformationof theregion boundariespr changesn thein-
tensitywithin eachregion. Furthermorethey realizea partition,ratherthana hierarcly, of domain
deformationssoour modelcanbethoughtof asmotionsegmentatiorwith moving anddeforming
layerswith changesn intensityandinpainting[3]. In this, our work relatesto [19], exceptthat
we allow layersto overlap. So, our work canbe thoughof asa layeredversionof Deformotion
with changesn region intensities.Also relevantto our work is [17] whereonedistancefunction
is registeredto anotherusingrigid andnon-rigidtransformationsOur work relatesto deformable
templateq9, [14], in the sensethat eachof our layerswill be a deformabletemplate. However,
we do not know the shapeandintensitypro le of thetemplate sowe estimatethatalongwith the
layeringstructure.A onelayer versionof our work is similar to [20] wherethe authordescribes
enegiesonthemanifoldG M whereg 2 G is agroupaction(possiblyaC! diffeomorphism
or anafne transformationpndM is a manifold consistingof a collectionof landmarkpointsor
images).For the exampleof G beingthe setof C! diffeomorphismsandM beingthe setof im-
agesthegeodesidetweertwo points(gy; m1); (g2; m2) 2 G M describesnetamorphosesom
one(group,image)pair to another Our work is alsorelatedto active appearancenodels[6, 2],
in thatwe seekthe samegoal, althoughratherthanimposingregularizationof shapeandappear
anceby projectiononto suitably inferredlinear subspacesve employ genericregularizers. One
canthereforethink of our work asa generalizatiorof active appearancenodelsto smoothshape
and intensity deformations,castin a variationalframevork. Of coursethis work relatesmore

genericallyto actve contours,e.g. [4, (13,5, [16] andreferencegherein. In the next sectionwe



introduceour model,andin Sectioridwe illustrateour approacho infer its (in nite-dimensional)

constitutve elements.

2 Modeling

We representa sceneas a collectionof L overlappinglayers. Eachlayer, labeledby anindex
k = 1;:::;L, is afunctionthathasassociateavith it adomain,or shape ¥ R?, andarange,
orradiance * : kI R*. Layerboundariesnodelthe occlusionprocessand eachlayer k
undegoesa motion describedy a ( nite-dimensional)groupactiongX, for instanceg 2 SE (2)
or A(2), anda deformation or warping, describeddy a diffeomorphismwk : ¥ I R2, in order
to generat@nimagel atagiventimet. Thewarpingmodelschange®f viewpointfor non-planar
scenespr actualchangesn theshapeof objectsn thescene Sinceeachimageis obtainedrom the
givenscenafteradifferentmotionanddeformationwe index eachof the image's corresponding
variablesby t: g, wk, andl. Finally, sincelayersoccludeeachother thereis a naturalordering
in k which,withoutlossof generalitywe will assumeo coincidewith theintegers:Layerk = 1is
occludedby layerk = 2 andsoon. But sincethis occlusionmodelcouldchangesaylayerk = 2
goesbehindlayerk = 3 andthenlaterlayerk = 2 isin front of layerk = 3, thereis a function
| = maxfk j x 2 *g. This function!| indicatesthe layerthat will contrikute to the intensity
at a pixel in a givenimagewhich is the frontmostlayer that intersectshe warpeddomain. For
simplicity we assumehat ° = R? (thebackmostayer, or “the background”) With this notation,
the modelof how the valueof the genericimagel, : °! R" atthelocationx 2 ©° R?is

generate¢anbesummarizedasl; g wi(x) = '(x);withx 2 ;1= maxkjx2 g To



simplify the notation,we call x| = g wi(x), whichsometimesve indicate,for simplicity, asx,

sothat
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ang/ of the measuredmagesfrom the ideal model (1), subjectto genericregularity constraints.

Suchadiscrepang is measuredby a costfunctional ( *; *;wk; g¢) to beminimized

R L. 2 x Z
= (X)) (W T g T(x)  dx + ds
t=1 ° k=1 @
X Z N Z
+ kr K(x)k2dx + r(wk(x))dx (2)
k=1 kit=1

k

subjectto | = maxftkjx 2 “g:

Herer is aregularizingfunctional,for instancer (w) = jwj + ﬁ wherejwj is the determinanof

the jacobianof w. Sinceit is desirableto keepw to be a one-to-ongunction this regularizerr

keepgwj closeto one.If jwj deviatesfrom 1 theneitherof termsjwj andjﬁ getsbigger , ,and
arepositive constantsNotethatl is afunction,specicallyl : °! Z*. We have choserthe

two-normfor the data-dependeniérm andthe regularizerfor simplicity, but otherchoiceswould

of coursedo aswell.



3 Generality of the model

It canbeeasilyshavn thateq. (I) modelsimagesof 3-D scenewith piecavise smoothgeometry
exhibiting Lambertiarre ection with piecervisesmoothalbedu viewedunderdiffuseillumination
from anarbitrarily changingviewpoint. It doesnot captureglobalor indirectillumination effects,
suchascastshadavsor inter-re ections,comple re ectance suchasspecularitiesanisotropie®r
sub-suracescattering.Thesearetreatedasmodelingerrorsandareresponsibléor thediscrepang
betweerthemodelandtheimageswhichis measuredby in eq. (2). Welumptheseadiscrepancies
togetherwith sensorerrorsandimproperly call them*“noise” Although far from general,(1) is
neverthelessa moreambitiousmodelthanhasever beenusedin the context of motionestimation
andtracking.In fact,mary existing modelsarespecialcasef (I).

We start by shoving how the modelincludestraditional optical o w asa specialcase. In
particular if we assumea singlelayerto representhewholeimagedomain(i.e.L = 0), atrivial
groupaction(i.e.g = 1d) andno regularity in themodeledradiance = ©°(i.e. = 0)thenthe
resultingminimizationproblemincludesonly theradiance andthewarpsw; = w9 andw, = w3
asunknawvns (we considerthe caseof just two imagesl ; andl, for now). We arethereforeleft
with themuchsimplerenegy

xe Z x £
(; Wiiw,) = () (W H(x) “dx + rw)de (3

t=1 ° t=1

If our goalis justto nd thewarpw = w, w;* thatregistersl; to |, (throughthe common

Themodelcanbefurthergeneralizedy allowing ' to bevectorvaluedto captureasetof radiancestatisticssuch
asthecoefcients of a Iter bankor othertexturedescriptorsbut thisis beyondthe scopeof this paper



radiancemodel ), thenwe may further simplify thingsby settingw; = I d andw, = w, thereby

eliminatingyet anothemunknovn andyielding (approximatelyaswe omit the Jacobiarof ! )

Z Z
Gw= (1) OO+ ((w(x)) () *dx+ _r(w(x)) dx: (4)

Sincewe have omittedthesmoothnespenaltyon , it is straightforvardto shav for agivenchoice
of w that(4) is minimizedby setting (x) to themeanof | 1(x) andl ,(w(x)). Thus,in this special
case(no smoothnessn ) we mayreplacethejoint optimizationin (4) with a directoptimization

of w throughthis substitutionof . Theresultingenegy

1Z Z
W) =35 (1100 Lwe) dx+  r(w(x)) dx; (5)

dependinguponthe choiceof theregularizerr (notethatr typically depend®nthe dervativesof
w ratherthanits directvalues),correspondso eitherthe classicaloptical o w in [[11] or to oneof
its mary variants.

Our modelhasthe advantageof not enforcingglobalregularization(regularizationis imposed
within layers,but not acrosdayers),of hot comparingimagesto eachother but to anunderlying
model (this carriessigni cant advantagesvhenit comesto robustnesgo noise,aswe illustrate
with experiments)andof having an explicit modelof the appearancef the scenewhich allows
“inpainting” individual layerswhile preservingheir motionboundaries.

ChoosingL = 1, w=1d; =0, = 0yieldsmotion segmentationthathasalsobeenad-

dressedby mary, seefor instancd|7] andreferenceshereinfor thecaseof af ne motiong 2 A(2).



In motionsegmentatioronepartitionsthedomaininto a numberof individually moving segments,
eachof whichis assumedo move with aconstant nite-dimensional)motion. Likein optical o w,
thereis no modelof appearancegndthe data-dependenerm consistof the brightnessonstanyg
constraintwhich forcesdirectimage-to-image&omparison:

x Z

(@ o= (1e(x) T (gx))?dx+ L() (6)

t

whereL denotegshe length of the boundaryof the region . Note that, in this case,we have
allowed to be oneof the unknavns sincew; is no longer part of the inference,althoughone
couldeasilyde ne = w( o), aswe have discussedn the previoussection.

ChoosingL = 1; = const r(w) = kwk yieldsamodelcalledDeformotion in [[19], andhas
alsobeenextendedo grayscaleamages. = 1; r(w) = kwk. Ourwork is the naturalextensionof
Deformotionto layers.

Choosing. > 1; w= 1d, ¥unconstrainedndg 2 A(2) wouldyield avariationalversionof
the Layers model[21]], thatto the bestof our knowledgehasnever beenattemptedNotethatthis
is differentthansimplervariationalmulti-phasenotionsegmentationsincein thatcasehemotion
of a phaseaffectsthe shapeof neighboringphaseswhereasn the model (1) layerscanoverlap
without distortingunderlyingdomains.Onecanthink of the Layermodelasa multi-phasemotion
segmentatiorwith inpainting[3] of occludedayersandshapeconstraints.

Themodelalsorelateso deformable templates where = constin thetraditionalmodel[9]
and = smooth in the moregeneralersion[14]. Anotherrelevantapproachs Active Appear-

ance Models wherethe regions, warpingandradiancesare modeledas pointsin a linear space.
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W (x) = wg(x) + WH(x)s, (7)

wherewy : K1 RZandwWk: k1 R"denotessetof basisfunctionsor principalcomponents,

£(x) = 5(x)+ PY(x) ¢ (8)

where K : X1 RandPX(x): ! R"isavectorof principalcomponentsand ; 2 R" a
vectorof appearancparametersotethatthefunctionsP andW* have to satisfyorthogonality
constraintsandthesehave to be enforcedduring the inferenceof the bases.The model (1) does
notimposesuchrestrictionsandrenderthe problemwell-posedoy genericregularizationinstead.
Finally, by virtue of theregularizationimposedon , our schemeaelatesto imageinpainting,
exceptthatwe performinpaintingboth by layertransferfrom multiple imagesandby regulariza-
tion. Theadwantageof our methodis thatit canexploit whatever informationis there:If multiple
views are available,their contribution is weightedrelative to the harmonicinterpolationterm. If

only oneimageis available,thenintensityregularizationdictatesthe lling process.

4 |Inference

Minimizing the costfunctionalin (2) is a tall order It dependsuponeachdomain * andit's
boundary(a closedplanarcontour),its deformation(a o w of planardiffeomorphismsw{, the

radiance(a piecavise smoothfunction) ¥, all of which arein nite-dimensionalunknavns. In

11



addition,it depend®n agroupactionperlayerperinstant,gk, andon the occlusionmodel,which

is representedby the discrete-aluedfunctionl(x) = maxfk j x 2 kg, andall of this for each

The rst simpli cation is to noticethat,aslong aseachlayeris a compactregion boundedoy
asimplesmoothcurwe, thereis nolossof generalityin assuminghat ¥ are x ed. Thisis because
eachdiffeomorphismw will acttransitively onit. Thereforewe assumehateachregion isa
circlein someof theexamples.While thereis nolossof generalitythereis alossof enegy, in that
if we wereallowedto alsooptimizewith respecto the initial regionswe would be ableto reach
eachdeforminglayerfasterandwith lessenepgy. This, however, doesnot enhancehe generality
of the model,hencewe will forgo it for someexamples(seeFigure ?? for anillustration of this
effect).

Apartfrom thissimpli cation, we proceedy minimizingthefunctional(2) usingsimultaneous
gradient o ws with respecto the groups(motion), the radiancegappearanceandthe diffeomokr
phisms(deformation).The detailedevolution equationsarea bit complicateddependingiponthe
numberof layersandthe occlusionstructurebetweenlayers. To help avoid excessve subscript-
ing andsuperscriptingand multiple-caseale nitions accordingto occlusionrelationshipswe will
outlinesomeof thekey propertief thevariousgradientermsfor the caseof abackgroundayer

0 asingleimagel , andasingleforegroundlayer *. We will also,to helpkeeptheillustration
simple,assumeahatthe groupactiong® andthe warpw?® for the backgroundayeraresimply the
identity transforms.This is the simplestpossiblescenariahatwill allow usto still shav the key

propertiesof thegradiento ws.
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Let 2 = gi(wi(x)) and "t = gi(wi( 1)). With this notation, we may write the image-

dependentermsin our enegy functionalasfollows.

Z Z
E= 1(®) 00 &+  1(x)  °(x) “dx (9)

1 opt1

If g denotesary singleparametefe.g.horizontaltranslation)of the groupg?, thendifferentiating

yields
z
E. Cn w0 1w @ de+ (10)
@ o @ H i
2 1R M) r v wh ginv[gl](k) dR

whereN' anddé denotethe outward unit normalandthe arclengthelementof @'* respectiely.
We are ableto notetwo things. First, the updateequationsor the groupinvolve measurements
bothalongthe boundaryof its correspondindayer ( rst integral) aswell asmeasurementsithin
thelayer'sinterior (secondntegral). Noticethatthis latterintegral vanishesf a constantadiance

is utilized for the layer We alsoseethatit is not necessaryo differentiatethe imagedatal .
Derivativesland on the estimatedsmoothradiance insteadwhichis a signi cant computational
perkof our modelthatresultsin considerableobustnesso imagenoise.

A similar gradientstructurearisesfor the caseof thein nite dimensionawarpw (boundary-

basedtermsandregion-basedermsfor eachlayer are similar to previous integrals). However,
additionaltermsarisein the gradient o w equationdor w dependinguponthe choiceof regular

izationtermsin theenegy functional(smoothnespenaltiesmagnitudepenaltiesetc.).
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Thecurve evolutionis alsosimilar to the boundary-basetérmfor the evolution of g:

%: & 07 1w N (11)

Finally, the optimality conditionsfor the smoothradiancefunctions © and ! aregiven by the

following Poisson-typequations.

Y(x) = x) 1R ; x2 1 (12)

0; x2 "1

°x) = (13)

"W /W0

Ox) I(x); x2 °n”"t

Noticethatthe backgroundadiance ° is “inpainted”in regionsoccludedby the foregroundlayer
1 by harmonicinterpolationfrom theboundaryof "1, since satis esLaplaces equation °=
0. Onceall thetermsareput togethemwe cangenerate gradient o w thatsimultaneouslevolves
all layer assignmentsboundariesand intensities. In the next sectionwe illustrate someof the

featuresof themodelandtheresultingoptimization,asit comparesvith existing schemes.

5 Experiments

In the rst experimentweillustratethe capabilityof our modelto trackdeforminglayers.In Figure
we shav threesequencesf animagewherea de ating balloonis undegoing a rathererratic
motion while deformingfrom aninitial waterdropshapeto a circularone, nally to a spermato-

zoidal shape. On the top row of Figure[l we shav the layer boundariesor a modelthat only

14



allows for rigid deformationsof theinitial contour(a circle) usinga singlescalingterm. Thisis
essentiallya variationalimplementatiorof the modelof [21]. As it canbe seen,it captureshe
grossmotion of the balloon, but it cannotcapturethe subtlershapevariations. The secondrow
shows the samethreesampleimageswith the boundaryof the rst layersuperimposedyherethe
layeris allowedto deformaccordingo the modelwe have introduced.Thedata delity termused
is a Mumford-Shahterm sothe radiancesepresentingachlayeraresmoothfunctions.As it can
be seenthe layer changeshapeto adaptto the deformingballoon,all while capturingits rather
erraticmotion. TheaverageRMS error perimagefor theaf ne layermodelis 30.87,whereaghe
residualfor the caseof the deforminglayersis 5.51. More importantly the phenomenologypf the

sceneyisible in the gure, hasbeencorrectlycaptured.

Figurel: TrackingaBalloon: Threesampleviews areshavn from asequencef ade ating balloonmoving
with anerraticmotionwhile changingits shapefrom a drop-like shapeto a circle. In thetop row we shav
the boundaryof the rst layerasestimatecby a rigid layer modelwith a single scalingterm that doesnot
allow for layer deformation,akin to a variationalimplementatiorof traditionallayer models.As it canbe
seen,the modeltracksthe motion of the layer, but it fails to captureits deformation. On the bottom row
we shav the samethreeimageswith the rst layersuperimposedyherethe layeris allowedto bothmove
(rigidly) anddeform(diffeomorphically)yielding 82%lower RMS residualerror, andcapturingthe subtler
shapevariations.

In the next experimentwe illustrateall the featuresof our modelby shaving how it recovers

the backgroundbehindpartially occludedlayerswhile recorering their motion and deformation.
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In Figurel2 we showv a few samplesrom a datasetvherethe silhouetteof a moving handforms
a victory signwhile moving the relative positionbetweenthe ngers. The backgroundwhich is
partially occludedjs a spiral. Herewe usethe averageshapeastheinitial shapeof theforeground
layerto nd its afne motion, andthenthe diffeomorphicwarp w;. Again we assumesmooth
radiancewithin eachlayer, sowhenwe recover thebackgroundayerwe shav aslightly smoothed
versionof thespiral (of coursewe couldfurthersegmentthe blackspiralfrom thebackgroundand
thusobtainsharpboundariesbut this is standardandwould not helpusillustratethe featureof the

model,thereforewe do notillustrateit here.)

@@
v @@

Figure2: Victory sign,with deforminghand,moving in front of apartially occludedbackgroungbortraying
aspiral. Thegoalhereis to recosertheradianceof eachlayer (the spiralin the backgroundandthe constant
blackintensityof the hand),aswell asthe motionanddeformatiorof theforegroundlayer Notethatcurrent
layer modelsbasedonly on af ne motionwould fail to capturethe phenomenologyf this sceneby over-
s@mentingtheregion into threeregions,eachmoving with independena&f ne motion. Our modelcaptures
the overall motion of the layerwith anaf ne group,andthenthe relative motion betweerthe ngers asa
deformationaswe illustratein thenext gure[3

In Figure[3 we illustratethe resultsof this experimentsarrangedo summarizehe modeling
processOn thetop row we shav therecoveredlayers. Sincewe areassuminga smoothradiance
within eachlayer, we canonly recorerasmoothedrersionof thespiral. Thesdayersaredeformed

accordingo adiffeomorphismpneperlayer, de ned onthedomainof thelayer(secondow) and
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thenmovedaccordingo anaf ne motion. Thethird row shavstheimagegeneratedby themodel,
which canthereforebe thoughof asa generatre (althoughdeterministicymodelsinceit performs
comparisorat theimagelevel, not via someintermediataepresentationThe correspondingm-

agesaredisplayedn thelastrow, with thelayerssuperimposeébr comparison.

The rst setof experimentsusingstandarégequencessedor optical o w analysisjs designed
to illustrate the differencebetweenour modeland standardoptical o w. A representate setof
resultsof the motion eld estimatedoy optical o w (left) and our model (right) is reportedin
FigureB Our modeldoesnot rely on global regularization,but only regularizationwithin each
layersegmentedn Figureld. Thereforetheboundarie®f themotion eld arebetterresohed.

Naturally our modelis a supersebf thosecommonlyusedfor optical o w computation.We
illustratethis point by reducingthe weightof the smoothnesgermfor in Figurel6, whichyields
resultscloserto standardbptical o w. In comparisorto the groundtruth vector eld, the vector
eld givenby optical o w hasanaverageangularerrorof 8.12. Deformotionwith a smoothness
weight of 200givesan averageangularerrorof 9.99. Reducingthe smoothnessveight to 20
givesanaverageangularerrorof 8.11whichis closerto theresultof optical o w.

A bene cial side-efect of having an explicit model of the scene,simple asit is (a regular
irradiancepattern,with smoothnesgontrolledby ), is the possibility of comparingindividual
imagesto a (noiselessmodel,ratherthancomparingnoisy imagesto eachother The effectsare
visiblein Figure8, wherethe o w eld obtainedwith ourmodelonarti cially corruptedsequences
(Figuref?) is far closerto the cleanerversionof the sequence¢hanusingstandardptical o w.

The comparisorwith optical o w illustratesthe necessityfor partitioningthe domaininto in-
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dependentlynoving objects.This is amotion segmentatiortask. Therefore herewe compareour
modelwith more standardnesthat partitionthe o w into af ne seggmentswhile still relying on
the brightnessconstang constraintandwithout an explicit modelof the appearancef the scene.
Suchmodelscanbe obtainedsimply by increasingheregularizationof thelayerdeformation(i.e.
theentirelayermoveswith thesame nite-dimensionalmotion: translational Euclideanor af ne).
Figure9illustratesthis effect.

Note that our model, by virtue of having an explicit representationf the appearancef each
layer, canautomaticallyll in theappearancef underlyinglayers,aswe illustratein Figure[10.

In Figure[11 we illustrateinpaintingusing our model. In this examplethereis somecamera
jitter, which malkesit so the whiteboardsin the two imagesare not quite lined up. Also there
hasbeensomecorrputionof theimageswhich is modeledasthe foregroundlayer thatis moved
aroundvia anafne group. The whiteboard(backgroundayer) is recoreredwith its own afne
registrationandtheinpaintedwhiteboards shavn.

The conclusionwe would like to drav from theseexperimentss that our model, beinga su-
persetof existing schemegoptical o w, motion sggmentation,deformotion,inpainting), allows
the userto apply existing algorithmssimply by properchoiceof constants Naturally the priceto
pay for such e xibility andfor the addedpower stemmingfrom a richer modelis computational
complity. However, all the experimentswe have shavn have beenrun on a pentiumM 2GHz

PCandtakes ve minutesper1000iterations.
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6 Discussion

We have presente@ generatre modelof theappearancéiecavisesmoothalbedo) motion(af ne
transformationanddeformation(diffeomorphismpf asequencef imageshatexhibit occlusions.
We have usedthis modelasa basisfor a variationaloptimizationalgorithmthat simultaneously
tracksthe motion of a numberof overlappinglayers,estimategheir deformation,and estimates
thealbedoof eachlayer, including portionsthatwerepartially occluded.Whereno informationis
available,thelayersareimplicitly impaintedby their regularizers.

This modelgeneralizegxisting layer modelsto the caseof deforminglayers. Alternatively,
one canthink of our algorithmas a layeredversionof deformabletracking algorithms,or asa
generalizedrersionof optical o w or motion sggmentatiorwheremultiple layersare allowed to
occludeeachotherwithout disturbingthe estimateof adjacentandoccludedones.

Ournumericalimplementatiorof the o w-basedalgorithmusedevel setmethodsandis real-
izedwithouttakingderiativesof theimage,afeaturethatyieldssigni cant robustnessvhencom-
paredwith boundary-basedpproacho estimatingoptical o w. We have illustratedour approach
on simple but representate sequencesvhereexisting methodsfail to capturethe phenomenol-
ogy of the sceneby eitheroverseymentingit, or by failing to captureits deformationwhile only

matchingits af ne motion.
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Figure3: Multiple LayersMappingontoMultiple Images.Theinferenceprocesseturnsanestimateof the
albedain eachlayer(top). Sincewe areassumingmoothalbedo thespiralis smoothed Thedeformatiorof
eachlayeris estimatedqsecondow) togethemwith its af ne motion, to yield anapproximatiorof theimage
(third row). Thisis usedfor comparisowith the measurednagegbottomrow) thatdrivesthe optimization

scheme.
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Figure4: RotatingSphereandsggmentatiorobtainedusingdeformotion
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Figure5: Optical Flow vs. GroundTruth vs. Deformotion: Standardoptical o w (left) imposes
global regularization,which resultsin errorsat the boundary(the vector eld is more spreadout

thanthe modelproposedpn theright). The groundtruthis in the middle. The averageangular
errorsfor optical o w anddeformotionare11:49 and6:31 respectrely. The standarddeviation

for theangularerrorsare1:37 andl1:44 . The parametersndregularizationconstantsisedwere

dt= 0:2, iterationss 1000Q = 10(datadelity), = 0.5, (smoothnessefw), = 5(smoothness
of ).
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Figure6: Optical o w (left) canbe obtainedfrom the generalmodel(right) by allowing ! 0.
Comparegheresultswith parametersit= 0:028 iterationss 71000 = 20, = 0:55 = 200n
the bottomrow with 200 on the middle row. Note thatthe two models(left andright) arecloser
onthebottomrow. In comparisorio thegroundtruth vector eld, thevector eld givenby optical
o w hasan averageangularerror of 8.12. Deformotionwith a smoothnessveight of 200 gives
anaverageangularerrorof 9.99. Reducingthe smoothnessveightto 20 givesan averageangular
errorof 8.11whichis closerto theresultof optiggl oW.



Figure7: YosemiteSequencevith addedGaussiamoiseof zeromeanandvarianceof 0:05 and
groundtruthin themiddle.

Figure8: Flow Fieldsfor Optical Flow, GroundTruth, and Deformotion: One of the bene cial
effectsof having a modelof the appearancef the scenes betterrobustnesgo noise.In standard
optical o w imagesarecomparedo eachotherdirectly, resultingin fragility to independentoise
sources.We shaw resultswith addedGaussiamoisewith zeromeanandvarianceof 0:05. The
bene t or robustnesgo noiseis offset by the addedcompleity of having to estimatea smooth
functionto approximatesceneradiance.(Parametersisedfor deformotion:dt= 0:2, iterations
10000 =2, = 1.0, = 4. (Parametersisedfor optical o w: dt= 0:083 iterationss 2400Q

= 2, = 2.) Theparametersisedprovided the bestsolutionfor eachmethod. The average
angularerrorsfor optical o w anddeformotionare26.24and20.24respectiely.
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Figure9: The model proposedcan be usedto perform motion sggmentationby increasingthe
regularization of thedomaindeformatiorfor eachlayer (parametersised:dt= % iterations
20000 =20, = 400Q = 2000.
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Figure10: Our modelyields*“inpainted” layers. The top row shaws the boundarief layers,the
middlerow thereconstructedppearancef thelayers( ) andthebottomrow thewarpingsg(w). Pa-
rametersised:dt= 0:2, iterationss 200Q = 20, = 1.0, = 0:8, = 3.0 (arclengthweight).
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Figure11: Imagelnpaintingwith our model. First two images:corruptedimagesof a teachers
whiteboardwith somecamergitter, Lastimage:Imageinpaintingresult.
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