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Abstract

We are interestedin modelingthe variability of different
imagesof the samesceneg or classof objects,obtainedby
changingtheimaging conditions for instancetheviewpoint
or theillumination. Understandingof sud a variability is
key to reconstructiorof objectsdespitechangesin their ap-
pearance(e.g. dueto non-Lambertiarre ection), or to rec-
ognizingclassef objects(e.g. cars), or individual objects
seerfromdifferentvantage points. e proposea modelthat
canaccountfor changesin shapeor viewpoint,appeaance
andalsoocclusionsof line of sight. We learn a prior model
of each factor (shape motionand appeaance)froma col-
lectionof samplesusingprincipal componenanalysis akin
a genealization of “active appeaancemodels”to dense
domainsaffectedby occlusions. The ultimate goal of this
work is stereo reconstructionin 3D, but r st we havede-
velopedthe r st stage in this appmoad by addressingthe
simplercaseof 2D shape/adiancedetectionin singleim-
ages. We illustrate our modelon a collectionof images of
differentcars and showhowthe learnedprior canbe used
to improve sggmentatiorand 3D steleoreconstruction.

1. Intr oduction

An imagecanbethoughtof asafunctionfrom acompact
domain(the “image plane”) to the positive reals(the “in-
tensity” range).Changesn the imagingconditions for in-
stancedueto changesn viewpoint andillumination, cause
changesn both the domainandrangeof sucha function.
Forinstanceachangeof view of aLambertiarscenen am-
bientlight canbe modeledavay from occlusionshy a dif-
feomorphicdeformatiorof theimagedomain[17], whereas
change®f illumination on a staticscenecanbe modeledas
structuredchangesdn intensity (for instancedescribedby
a low-dimensionallinear variety, known as “illumination
cone”). Unfortunately however, changesn thedomainand
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rangeof theimageplay overlappingroles: Onecanalways
explain classe®f imagesf thesamesceneor “object” with
changesn its domain(intensityvalues)or, modulocontrast
functions[1], by deformationsof theimagedomain,asin
a “deformabletemplate”[6] (transitive actionsof in nite-
dimensionabroupsof diffeomorphisms)Therefore jnfer-
ring domaindeformationsandchangesn intensityof a se-
guenceof imagesobtainedwith differentviewpointsand/or
illumination is anill-posed problem,and suitableregular
izershave to beimposedin orderto arrive at a meaningful
model.

A commonregularizerfor changesn intensity is ob-
tainedby assuminghat suchchangesausethe imagesto
move on or closeto alow-dimensionalinear variety. The
most commonapproachis leadsto principal component
analysis(PCA), and hasbeenusedextensiely in model-
ing andrecognitionof scenesvhenthereareno changeof
viewpoint[11]. Change®f viewpointata nite numberof
landmarkscanalsobe modeledin a similar fashion,using
procrustesanalysis,which canbe implementedusing sin-
gularvaluedecompositiongn amannersimilarto PCA[5].
Combinedchangesn intensityand shapecanbe modeled
in aconditionallylinearfashion by assuminghatintensity
in a normalizedframeis linear, and that normalizationis
achieved by procrustesanalysis,leadingto so-called“ac-
tive appearancenodels’[4]. Thesehave proven effective
in modeling classesof objects,suchas faces,with mod-
estchange®f appearancandshapeanfreeof occlusions.
Learningtheprincipalcomponentsf shapeandappearance
from a collectionof imagesof anobjectprovide a powerful
prior modelthatcanbe usedto detecta new instancepr to
recognizeghebelongingof anobjectto thetargetclass.

The problembecomesigni cantly morecomplexin the
presencef occlusions.In this case,domaindeformations
arenot only not diffeomorphic but they arenot evenregu-
lar functions sinceocclusionsauseportionsof thescendo
disappearandotherportionsto appear In [&] the problem
of modelingchangesn motion and appearancef occlu-
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sionlayersusingthevariationalframework of Deformotion
was addressedby the authors,introducedin [13], exploit-

ing genericregularizers.Usingthosemethodsn this paper
we introducea learning-basedegularizationapproactthat
extendsthe active appearancenodelto sceneswith occlu-
sions,all in a principledvariationalframewnork. Sincewe

modelthe shapemotion andappearancef eachlayer, we

canalso Il in missingportionsof layers(thatarenot visi-

ble in all images)realizinga multi-view versionof “image
inpainting” [2]. For the caseof just onelayer, our model
simpli es to standarcactive appearancenodels,but repre-
sentedn acontinuouslomainratherthanata nite number
of landmarks.

The shapeof a layer that representsan objectin the
sceneis transformedy a diffeomorphisnto modelsmall-
scalechangesn the objectandis transformedby a nite-
dimensionafroupthatdescribegoarseglobalmotion. The
intensity function associatedvith a layeris computedby
minimizingaMumford-Shahypeenegy thatallowsfor oc-
clusionsand‘in-paints” basedn otherimageswherethere
is no occlusionor if no informationis available then the
solution of Laplaces equationis used. In this work we
take thetwo mostcomplex piecestheintensityfunctionfor
a layer and the diffeomorphismrepresentingzariationsin
shapeandreducetheseto a smaller morereasonablspace
usingprincipalcomponentsinalysis.

The modelwe proposedescribeshangesn motion,ap-
pearancegepthordering,andshapeof a numberdepthlay-
ers. In addition, we have to learna numberof basesfor
theappearancepacemotionspaceandshapespace.This
modelis very powerful, but the notationtendsto getheavy
whenall factorsaretaken into account,andthe computa-
tional costof inferencecanbe signi cant. For this reason,
we mostlyrestrictour attentionto theimportantcaseof two
layers(foregroundandbackgroundpndreferthe readerto
a forthcomingtechnicalreportwherethe full modelis de-
scribed.

The ultimateapplicationhereis detecting3D shapeand
radiancefrom multiple images. The type of joint priors
developedherewith would be usedwith stereoscopisey-
mentation[9]. This would involve using a suitable 3D
shape/radiancprior whoseperspectie projectionswould
bearresemblancéo the typesof 2D shape/radiancpriors
presentedh thiswork. Sothiswork s the rst stepin devel-
opingjoint priorsfor sterecshape/radianceconstruction.

2. Layered Deformotion

Herewewill giveadescriptiorof thevariationalmethod
of layereddeformotion. To describea scenethereare L
layersindexed by k = 1;2;:::; L that may occludeeach
otherin the orderthatlayer 3 overlapslayer 2 andlayer 2
overlapslayer1, etc. Eachlayerhasa shapeandaradiance
function. The shapeof alayeris denotecby ¥ R? and

thelayersradiancds * : k! R*. Eachlayer'sglobal
motionis representethy someaf ne or rigid groupaction
g¥. Thelocal deformationsof the shape ¥ of thelayerk
aregivenby thediffeomorphisnwX : ¥ I R2. Theshape

K of alayerk is transformedo modelanimagel ; attime
t by adiffeomorphisnwk anda nite groupactiongf. The
backgroundayeris denotecby ° = R?. A modelimage
(\ is producedby thefollowing:

{
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Sotheenepy to be minimizedto producel} is
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A typicalregularizerr (w) would bethetypical oneusedin
optical ow [7]. We canrepresentv(x) : R> | R? asa
vector eld vaith w(x) =[x+ u(x);y + v(x)]. Then

r(w(x)) =

The unknawvn quantitiesto be solved for are the radi-
ances ¥, the shapedor eachlayer ¥, theglobal motions
g from alayerk to animaget, andthe deformationsw¥
fromalayerk to animaget. Thesearesolvedfor usinggra-
dientdescentechniquesin thelayereddeformotionpaper
the authorsreducethe compleity of (2) to a moving, de-
forming foregroundlayer !,a x edbackgroundayer ©°,
andoneimagel in orderto easilyshav the descenequa-
tions. We will keepthis methodfor the sale of simplicity
hereaswell.

Letingg = g, w = w!, ® = g(w(x)) and ! =
g(w( 1Z)) , theenegy s asfollo%vs:
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The gradientdescenequationfor a parameter (suchasx
andy translationscale or rotation)of g is:
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N is the outward unit normalandds is the arclengthele-
mentof @ . The solutionof w is similar to the solution
for g exceptthereis includedthe laplaciantermsfor the
regularizer

Thecurveevolutionis alsosimilarto theboundary-based
termfor theevolution of g:

1(®) (%) ° % 2K (6)

% = 1 ()

The solutionof ¥ is the solution of the usualMumford-
Shahproblemfor the radianceportion with Poisson-type
equations.

) 1®; x2 ' (@
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3. Layered Deformotion with Joint Prior

After seeingall the gradientdescenequationsrom the
previous section,it become®bviousthata solutionwould
take awhile to acquire.By xing eachlayer * to an“av-
erageshape”,it becomegossibleto look at the radiances

kK andthe diffeomorphismsv* andbuild a prior on them.
We take a databasef imagesof an objectof interestand
runthe”layereddeformotion”algorithmonthemto "learn”
theradiancesndto "learn” thediffeomorphismshatobject
hasin thedatabaseThenwe reducethatspaceof radiances
anddiffeomorphismaisingprincipal componentanalysis.
The modelingof appearancand shapeof arny new object
of thattrainedclassbecomesnuchmoreaccurateandcom-
putationallyef cient.

3.1 Derivation of w PCA o w with oneconstant

If we build w(x) and *(x) jointly outof principalcom-
ponentsve get
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wherea barover a variabledenoteghe mean.Let usrecall
theenegy E:
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andwrite it with theportionthathave principalcomponents:
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By differentiatingwe get:
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4. Experiments

The training setconsistedof 300 carsfrom the dataset
from [10] consistingof segmentationdik e thatof Figure 1.
An averageshapewasderived from all 300 examplesand
eachsggmentationwas registered(with a rigid component
anda non-rigidcomponent}o the averageshape.Thenthe
imagedatacould be mappedonto the averageshape.This
givesthe training datafor the radiances ' andthe warps
wl. The modesfor the appearancarein Figure 2. The
modesfor the diffeomorphismsarein Figure3. Remeber
for the warpsthatthereis a rigid componenthat captures
variablility in shapeaswell. The modesfor theappearance
andthe diffeomorphisnjointly arein Figure4.

Using 10 principal componentdor the radianceandthe
warp jointly, we obtainedthe resultsin Figures5 and 6.
Figures5 and6 shaws theinitial placemenof the contour
alongwith the segmentationobtainedby usingpcafor the
radiancesandthe warps. The given exampleis not in the
training databaseswe canseewith the reconstructiorof
theradiance.The last picturesshavn in both Figure5 and
6 arejust a sggmentationnot using principal components
analysis,but using rigid registrationof the averageshape
with the Chan-\éseAlgorithm [3],[ 14].

5. Conclusion

By incorporatinga joint prior on the appearanceand

warp for eachlayer, we are able to signi cantly improve

the methodof layereddeformotionby exploiting the e xi-

2 1jgﬁjW0J(| (Gw(x))  (x) r Fx);w(x) dx bility of thattechnique.By xing the shapeof eachlayer,

it becamepossibleto performdimensionalityreduction(via
principal componentsnalysis)on the mostcomple func-
tions to solve for-the appearanceandthe warps. By us-

(15) ing principal componentsanalysis,we were able to ob-

tain more useful and accuratesegmentations. Since our
goalis stereoreconstructionn 3D, we have shovn the rst
stagein this approachy addressinghe simplercaseof 2D
shape/radiancdetectionin singleimages. The resultsob-
tainedsofar shav tremendoupromisefor 3D.
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Figurel. TrainingExample

Figure2. AppearancéModes:mean1 1st,meanmean1l 1st



Figure3. WarpModes:arying 4th modefrom the meanwarp

Figure4. WarpandAppearancéModes:meanl 1st,meanmearnl 1st



Figureb. Initialization, Usingour joint prior, Its pcareconstructionSegmentatiorusingChan-\éserigid registrationwith no prior

Figure®. Initialization, Usingour joint prior, Its pcareconstructionSegmentatiorusingChan-\éserigid registrationwith no prior



