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Abstract

We are interestedin modelingthevariability of different
imagesof the samescene, or classof objects,obtainedby
changingtheimagingconditions,for instancetheviewpoint
or the illumination. Understandingof such a variability is
key to reconstructionof objectsdespitechangesin their ap-
pearance(e.g. dueto non-Lambertianre�ection),or to rec-
ognizingclassesof objects(e.g. cars),or individualobjects
seenfromdifferentvantagepoints.Weproposea modelthat
canaccountfor changesin shapeor viewpoint,appearance,
andalsoocclusionsof line of sight.We learna prior model
of each factor (shape, motionandappearance)froma col-
lectionof samplesusingprincipal componentanalysis,akin
a generalization of “active appearancemodels” to dense
domainsaffectedby occlusions.Theultimategoal of this
work is stereo reconstructionin 3D, but �r st we havede-
velopedthe �r st stage in this approach by addressingthe
simplercaseof 2D shape/radiancedetectionin single im-
ages. We illustrateour modelon a collectionof imagesof
differentcars andshowhowthe learnedprior canbeused
to improvesegmentationand3D stereoreconstruction.

1. Intr oduction

An imagecanbethoughtof asafunctionfrom acompact
domain(the “image plane”) to the positive reals(the “in-
tensity” range).Changesin the imagingconditions,for in-
stancedueto changesin viewpoint andillumination, cause
changesin both the domainandrangeof sucha function.
For instance,achangeof view of aLambertianscenein am-
bientlight canbemodeled,away from occlusions,by adif-
feomorphicdeformationof theimagedomain[12], whereas
changesof illuminationonastaticscenecanbemodeledas
structuredchangesin intensity (for instancedescribedby
a low-dimensionallinear variety, known as “illumination
cone”).Unfortunately, however, changesin thedomainand

rangeof theimageplay overlappingroles:Onecanalways
explainclassesof imagesof thesamesceneor “object” with
changesin its domain(intensityvalues)or, modulocontrast
functions[1], by deformationsof the imagedomain,asin
a “deformabletemplate”[6] (transitive actionsof in�nite-
dimensionalgroupsof diffeomorphisms).Therefore,infer-
ring domaindeformationsandchangesin intensityof a se-
quenceof imagesobtainedwith differentviewpointsand/or
illumination is an ill-posedproblem,andsuitableregular-
izershave to be imposedin orderto arrive at a meaningful
model.

A commonregularizer for changesin intensity is ob-
tainedby assumingthat suchchangescausethe imagesto
move on or closeto a low-dimensionallinear variety. The
most commonapproachis leadsto principal component
analysis(PCA), and hasbeenusedextensively in model-
ing andrecognitionof sceneswhentherearenochangesof
viewpoint [11]. Changesof viewpoint at a �nite numberof
landmarkscanalsobe modeledin a similar fashion,using
procrustesanalysis,which canbe implementedusingsin-
gularvaluedecompositionsin amannersimilar to PCA[5].
Combinedchangesin intensityandshapecanbe modeled
in a conditionallylinearfashion,by assumingthatintensity
in a normalizedframe is linear, and that normalizationis
achieved by procrustesanalysis,leadingto so-called“ac-
tive appearancemodels” [4]. Thesehave proven effective
in modelingclassesof objects,suchas faces,with mod-
estchangesof appearanceandshape,anfreeof occlusions.
Learningtheprincipalcomponentsof shapeandappearance
from acollectionof imagesof anobjectprovideapowerful
prior modelthatcanbeusedto detecta new instance,or to
recognizethebelongingof anobjectto thetargetclass.

Theproblembecomessigni�cantly morecomplex in the
presenceof occlusions.In this case,domaindeformations
arenot only not diffeomorphic,but they arenot evenregu-
lar functions,sinceocclusionscauseportionsof thesceneto
disappear, andotherportionsto appear. In [8] theproblem
of modelingchangesin motion and appearanceof occlu-
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sionlayersusingthevariationalframework of Deformotion
wasaddressedby the authors,introducedin [13], exploit-
ing genericregularizers.Usingthosemethodsin thispaper,
we introducea learning-basedregularizationapproachthat
extendstheactive appearancemodelto sceneswith occlu-
sions,all in a principledvariationalframework. Sincewe
modeltheshape,motionandappearanceof eachlayer, we
canalso�ll in missingportionsof layers(thatarenot visi-
ble in all images)realizinga multi-view versionof “image
inpainting” [2]. For the caseof just one layer, our model
simpli�es to standardactive appearancemodels,but repre-
sentedin acontinuousdomainratherthanata �nite number
of landmarks.

The shapeof a layer that representsan object in the
sceneis transformedby a diffeomorphismto modelsmall-
scalechangesin the objectandis transformedby a �nite-
dimensionalgroupthatdescribescoarseglobalmotion.The
intensity function associatedwith a layer is computedby
minimizingaMumford-Shahtypeenergythatallowsfor oc-
clusionsand“in-paints” basedonotherimageswherethere
is no occlusionor if no information is available then the
solution of Laplace's equationis used. In this work we
takethetwo mostcomplex pieces,theintensityfunctionfor
a layer and the diffeomorphismrepresentingvariationsin
shape,andreducetheseto asmaller, morereasonablespace
usingprincipalcomponentsanalysis.

Themodelwe proposedescribeschangesin motion,ap-
pearance,depthordering,andshapeof anumberdepthlay-
ers. In addition, we have to learn a numberof basesfor
theappearancespace,motionspace,andshapespace.This
modelis very powerful, but thenotationtendsto getheavy
whenall factorsaretaken into account,andthe computa-
tional costof inferencecanbesigni�cant. For this reason,
wemostlyrestrictourattentionto theimportantcaseof two
layers(foregroundandbackground)andreferthereaderto
a forthcomingtechnicalreportwherethe full model is de-
scribed.

Theultimateapplicationhereis detecting3D shapeand
radiancefrom multiple images. The type of joint priors
developedherewith would be usedwith stereoscopicseg-
mentation[9]. This would involve using a suitable3D
shape/radianceprior whoseperspective projectionswould
bearresemblanceto the typesof 2D shape/radiancepriors
presentedin thiswork. Sothiswork is the�rst stepin devel-
opingjoint priorsfor stereoshape/radiancereconstruction.

2. Layered Deformotion

Herewewill giveadescriptionof thevariationalmethod
of layereddeformotion. To describea scenethereare L
layers indexed by k = 1; 2; :::; L that may occludeeach
otherin theorderthat layer 3 overlapslayer 2 andlayer 2
overlapslayer1, etc.Eachlayerhasa shapeanda radiance
function. Theshapeof a layer is denotedby 
 k � R2 and

the layer's radianceis � k : 
 k ! R+ . Eachlayer's global
motion is representedby someaf�ne or rigid groupaction
gk . The local deformationsof theshape
 k of the layer k
aregivenby thediffeomorphismwk : 
 k ! R2. Theshape

 k of a layerk is transformedto modelanimageI t at time
t by adiffeomorphismwk

t anda �nite groupactiongk
t . The

backgroundlayer is denotedby 
 0 = R2. A modelimage
Î t is producedby thefollowing:
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subject to l = maxf k j x 2 
 k g where � ; 
 2 R+ :

A typical regularizerr (w) wouldbethetypical oneusedin
optical �o w [7]. We canrepresentw(x) : R2 ! R2 asa
vector�eld with w(x) = [x + u(x); y + v(x)]. Then

r (w(x)) =
Z



hr u(x); r u(x)i + hr v(x); r v(x)i dx (3)

The unknown quantitiesto be solved for are the radi-
ances� k , theshapesfor eachlayer 
 k , theglobalmotions
gk

t from a layer k to an imaget, andthe deformationswk
t

from alayerk to animaget. Thesearesolvedfor usinggra-
dientdescenttechniques.In thelayereddeformotionpaper,
the authorsreducethe complexity of (2) to a moving, de-
forming foregroundlayer 
 1,a �x edbackgroundlayer 
 0,
andoneimageI in orderto easilyshow thedescentequa-
tions. We will keepthis methodfor thesake of simplicity
hereaswell.

Letting g = g1, w = w1, x̂ = g(w(x)) and 
̂ 1 =
g(w(
 1)) , theenergy is asfollows:
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Thegradientdescentequationfor a parameter� (suchasx
andy translation,scale,or rotation)of g is:

@E
@�

=
Z

@̂
 1

�
@̂x
@�

; N̂
� � �

I (x̂) � � 1(x)
� 2

�
�
I (x̂) � � 0(x̂)

� 2
�

dŝ +
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N̂ is the outward unit normalanddŝ is the arclengthele-
mentof @̂
 1. The solutionof w is similar to the solution
for g except thereis includedthe laplaciantermsfor the
regularizer.

Thecurveevolutionis alsosimilarto theboundary-based
termfor theevolutionof g:
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The solution of � k is the solution of the usualMumford-
Shahproblemfor the radianceportion with Poisson-type
equations.
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3. Layered Deformotion with Joint Prior

After seeingall thegradientdescentequationsfrom the
previoussection,it becomesobviousthata solutionwould
take a while to acquire.By �xing eachlayer 
 k to an“av-
erageshape”,it becomespossibleto look at the radiances
� k andthediffeomorphismswk andbuild a prior on them.
We take a databaseof imagesof an objectof interestand
runthe”layereddeformotion”algorithmonthemto ”learn”
theradiancesandto ”learn” thediffeomorphismsthatobject
hasin thedatabase.Thenwereducethatspaceof radiances
anddiffeomorphismsusingprincipalcomponentsanalysis.
The modelingof appearanceandshapeof any new object
of thattrainedclassbecomesmuchmoreaccurateandcom-
putationallyef�cient.

3.1. Derivation of w PCA �o w with oneconstant

If webuild w(x) and� 1(x) jointly outof principalcom-
ponentsweget
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wherea barovera variabledenotesthemean.Let usrecall
theenergy E:

E =
Z


̂ 1

�
I (x̂) � � 1(x)

� 2
�

�
I (x̂) � � 0(x̂)

� 2
dx̂

+ �
1X

k=0

Z


 k



r � k ; r � k �

dx (11)

+ 

Z


 1
hr u(x); r u(x)i + hr v(x); r v(x)i dx

andwrite it with theportionthathaveprincipalcomponents:
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By differentiatingweget:

@E
@cj

=
Z

C



RS([uj (x); vj (x)]T ); J (g0w0T)

�
f (x)ds

+ 2
Z


 1
jg0jjw0j(I (g(w(x)))� � 1(x))



r � 1(x); wj (x)

�
dx

� 2
Z


 1
jg0jjw0j(I (g(w(x))) � � 1(x)) � 1

j (x)dx

+ 2

Z


 1
hr uj (x); r �u(x)i dx (15)

+ 2

NX

i =1

ci

Z


 1
hr uj (x); r ui (x)i dx

+ 2

Z


 1
hr vj (x); r �v(x)i dx

+ 2

NX

i =1

ci

Z


 1
hr vj (x); r vi (x)i dx

+ 2�
Z


 1



r � 1

j (x); r �� 1(x)
�

dx

+ 2�
NX

i =1

ci

Z


 1



r � 1

j (x); r � 1
i (x)

�
dx

= 0

where

f (x) = [(I (g(w(x))) � � 1(x))2 � (I (g(w(x))) � � 0(g(w(x)))) 2

(16)

4. Experiments

The training setconsistedof 300 carsfrom the dataset
from [10] consistingof segmentationslike thatof Figure1.
An averageshapewasderived from all 300 examplesand
eachsegmentationwasregistered(with a rigid component
anda non-rigidcomponent)to theaverageshape.Thenthe
imagedatacouldbemappedonto theaverageshape.This
givesthe training datafor the radiances� 1 andthe warps
w1. The modesfor the appearanceare in Figure 2. The
modesfor the diffeomorphismsarein Figure3. Remeber
for the warpsthat thereis a rigid componentthat captures
variablility in shapeaswell. Themodesfor theappearance
andthediffeomorphismjointly arein Figure4.

Using10 principalcomponentsfor theradianceandthe
warp jointly, we obtainedthe resultsin Figures5 and 6.
Figures5 and6 shows the initial placementof thecontour
alongwith thesegmentationobtainedby usingpcafor the
radiancesandthe warps. The given exampleis not in the
training databaseaswe canseewith the reconstructionof
theradiance.The lastpicturesshown in bothFigure5 and
6 are just a segmentationnot usingprincipal components
analysis,but using rigid registrationof the averageshape
with theChan-VeseAlgorithm [3],[14].

5. Conclusion

By incorporatinga joint prior on the appearanceand
warp for eachlayer, we are able to signi�cantly improve
themethodof layereddeformotionby exploiting the �e xi-
bility of that technique.By �xing theshapeof eachlayer,
it becamepossibleto performdimensionalityreduction(via
principalcomponentsanalysis)on themostcomplex func-
tions to solve for–theappearancesandthe warps. By us-
ing principal componentsanalysis,we were able to ob-
tain more useful and accuratesegmentations. Since our
goalis stereoreconstructionin 3D, we haveshown the�rst
stagein this approachby addressingthesimplercaseof 2D
shape/radiancedetectionin singleimages.The resultsob-
tainedsofarshow tremendouspromisefor 3D.
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Figure1. TrainingExample

Figure2. AppearanceModes:mean� 1� � 1st,mean,mean+1 � � 1st



Figure3. WarpModes:varying4thmodefrom themeanwarp

Figure4. WarpandAppearanceModes:mean� 1� � 1st,mean,mean+1 � � 1st



Figure5. Initialization,Usingour joint prior, Its pcareconstruction,SegmentationusingChan-Veserigid registrationwith noprior

Figure6. Initialization,Usingour joint prior, Its pcareconstruction,SegmentationusingChan-Veserigid registrationwith noprior


