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Abstract

Weconsidertheimportantchallengeof recognizinga va-
riety of deformableobjectclassesin images.Of fundamen-
tal importanceandparticular dif�culty in this settingis the
problemof “outlining” anobject,ratherthansimplydecid-
ing onits presenceor absence. A majorobstaclein learning
a modelthatwill allow usto addressthistaskis theneedfor
hand-segmentedtrainingimages.In thispaperwepresenta
novel landmark-based,piecewise-linearmodelof theshape
of an objectclass.We thenformulatea learningapproach
that allowsusto learn this modelwith minimalusersuper-
vision. We circumventthe needfor hand-segmentationby
transferringthe shape“essence”of an object from draw-
ingsto complex images.Weshowthatour methodis ableto
automaticallyandeffectivelylearnandlocalizea varietyof
objectclasses.

1 Intr oduction

Recognizingobjectsin imagesisasurprisinglydif�cult task
that haschallengedthe �eld of computervision from its
inception. Recentworks addressthis problemusinga va-
riety of methodswith signi�cantly different goals,which
broadlyfall into threecategories.The�rst is simply to rec-
ognizetheexistenceof an objectin the image. Suchtech-
niquescommonlyusesophisticatedimagefeaturesthatare
oftenunrelatedto theobjectstructureor locationin theim-
age[22, 14, 2]. A second,moreambitiousgoalis to roughly
localizethedifferentpartsof theobjecttowardbetterrecog-
nition [13, 12, 19]. Althoughthesemodelstry to accountfor
shapeand localization,evaluationwith respectto a local-
ization measureis generallynot performed.Finally, some
work [7, 15] hasbeendoneon preciseobjectlocalization,
but this usuallyfocusesonveryspeci�c objectclasses.

1Theseauthorscontributedequallyto this manuscript

In this paperwe addressthegoalof modelingtheshape
of a generalobject classin 2D, and using sucha shape
model to automaticallyoutline objectsin the classin real
images. The outlining task is interestingin its own right,
asit is importantfor providing a detaileddescriptionof the
objectsin a sceneandtheir inter-relationships.Moreover,
developingagoodmodelof anobject'sbasicshapeappears
to beanimportantstepin utilizing backgroundknowledge
(e.g.,thegeneralshapeof quadrupeds)for speci�c recogni-
tion tasks.

We describea �e xible, probabilisticobject model that
capturesthe contourof the object's deformableshapeand
its characteristics.In contrastto earlywork onmodelingob-
jectshape[3], ourmodelis semi-parametric:it is de�ned in
termsof landmarks,eachassociatedwith local contourin-
formation;thelandmarksareconnectedwith line segments,
therebyde�ning a completeobjectshape.Theprobabilistic
modelis formulatedasa Markov random�eld (MRF) [18]
over theselandmarks,allowing thetaskof outlining theob-
ject to besolvedusingstandardMRF inferencealgorithms.

A key bottleneckin learningacontourmodelis theneed
for traininginstancesof theobjectoutline.Oneoptionis to
handoutline the object in training images. This approach
is laborious,andhardto scaleto a largenumberof classes.
We circumventthis problemby trainingour shapemodels,
in an unsupervisedway, using simple (cartoon)drawings
of objectsin thetargetclass.In drawings,thefundamental
contourof theobjectis clearlyvisible,avoidingmany of the
problems(suchasclutterandshadingvariations)associated
with complex images.Thus,we learna modelof the“fun-
damental”shapeof theobject from cartoondrawings,and
transferit to thetaskof recognizingobjectsin real images.
We show that our methodeffectively bootstrapsfrom the
simpledrawings,andthatlearningfrom drawingsis compa-
rableto learningfrom hand-segmentedexamples.Overall,
wedemonstratethatourgeneralframework is applicableto
verydifferentclasses,andthatit is ableto achievehighper-
formancein outlining themin images.
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Figure1: Illustration of a landmark basedshapemodel
for theairplaneobject. Shown arethe landmarks outlin-
ing the airplane aswell asexamplesof local shapetem-
plate featuresand pairwise distancefeatures.

2 ShapeModel and Object Outlining

We representtheshapeof aclassof objectsasa probabilis-
tic modelM overasetof landmarksL ; Figure1 illustrates
the model for the airplaneobject. The outline of the ob-
ject is de�ned by thepiecewise-linearcontourthatconnects
adjacentlandmarkpoints.In additionto theoutline,M in-
cludesdifferentfeaturesof individual landmarks,including
location,localedgeshape,imageappearanceaswell asfea-
turesof pairsof landmarks,including geometricrelation-
ships. All theseelementsareprobabilisticallyconstructed
to representtheintraclassvariationof theobject'sshape.In
this section,we presentthe probabilisticmodel,deferring
thespeci�csof thefeaturesusedto Section3.

To outlineanobjectin animageI with asetof pixelsX I ,
we wantto registereachof the landmarksl 2 L to a given
pixel locationpl 2 XI . We de�ne thelocalizationinstance
L I asamapping,or correspondence, of landmarksto pixels
L I : L ! XI . Our goal is then to de�ne a probability
distribution P(L I j I ; M ) which evaluatesthe extent to
which the imagecharacteristicsat the landmarklocations
�t thosepredictedby themodel.

We de�ne a setof featuresfor eachlandmarkl , based
on the image and the pixel pl to which the landmarkis
assigned. Intuitively, thesefeaturesshouldquantitatively
evaluatehow well the landmarkl �ts the candidatepixel
locationpl (seeSection3). We usef l

i (I ; pl ) for thei th fea-
tureof landmarkl , andnotethat it is a functionof the im-
ageI , andthepixel locationpl . Pairsof landmarksl ; m are
alsoassociatedwith pairwisefeaturesf l;m

j (I ; pl ; pm ) that
evaluatethequality of their jointly assignedpixel locations
pl ; pm . The object model M de�nes the full set of fea-
turefunctionsfor individualandpairsof landmarks.Actual
valuesof thesefeaturesarecomputedrelative to a speci�c
imageI anda landmarkcorrespondenceL I .

Wede�ne ourprobabilitydistributionoverlandmarkcor-
respondencesusinga Markov random�eld (MRF), whose

variablescorrespondto landmarks;thedomainof landmark
variablel is a setof candidateimagepixelspl 2 X , aswell
asan `absent'value(i.e., the landmarkdoesnot appearin
theimage).GivenamodelM of anobjectclassandanim-
ageI , thelikelihoodof a givenlocalizationassignmentL I

is:

P(L I j I ; M ) /
Y

l 2 L I

exp

(
X

i
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i (I ; pl )
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The probability of the landmark-to-pixel assignmentL I ,
andthusthatof theoutline,is high if theaggregationof the
multiple cues(features)to its existenceis strong.Thus,ob-
jectoutlining is a registration task— �nding thelandmark-
to-pixel correspondencethatmaximizesP(L I jI ; M ). This
is simply themostlikely (MAP) assignmentrelative to the
distribution de�ned in the MRF of Eq. (1), which canbe
foundusinga varietyof algorithms;we usethesimplebut
effectivemax-productalgorithm[18].

However, it is computationallyinfeasibleto allow all
pixelsin theimageasthedomainof l : Evenfor a relatively
smallimage,with 300� 200pixels,thepairwisepotentials
have size60; 0002. Thus,for eachlandmarkl , we selecta
restrictedsubsetof pixels X l � X to serve ascandidates
for the landmarklocation. To this end,we �rst transform
the imageinto an edgemapusing the Canny edgedetec-
tor [4] andwe pruneout all pixelsp 2 X which do not lie
on a detectededgepoint. This reducesthespaceof candi-
datepixelsto afew hundredsor thousands.To furtherprune
ourdomain,wechoosethebest50edgepixelsaccordingto
ourshapetemplatefeaturef l

1(I ; pl ) (seeSection3) to serve
astheMRF assignmentdomainX l for landmarkl .

To summarize,our model M containsboth local and
pairwiseinformationaboutthe object. Given an imagein
which we want to outlineanobject,we useanMRF to de-
�ne aprobabilitydistributionoverpossibleassignmentsL I

of landmarksto pixels. We usea standardMAP inference
algorithm to �nd the (approximately)most likely assign-
ment,which in turn de�nestheoutlineof theobject.

3 A “ShapeAware” Object Model

As discussedin the previous section,our modelde�nes a
setof local featurefunctionsf l

i (I ; pl ) for eachlandmarkl ,
anda setof pairwisefeaturesf l;m

i (I ; pl ; pm ) for landmark
pairs.Thelocal landmarkfeaturesin our modelencodein-
formation aboutthe expectedimagecharacteristicsin the
vicinity of thepixel pl to which thelandmarkl is assigned.
Importantly, all of thefeaturesweconsider, bethey edgeor
appearancebased,are“shapeaware”andcontributein con-



cert towarda well de�ned yet probabilisticallydeformable
objectoutline.

ShapeTemplate. The �rst featurewe consideris aimed
at capturingthe shapedirectly. We usea templateof the
edgepoints surroundingthe landmarkl . While a com-
mon approachis to considerall edgepoints in a ball or
a patchcenteredat the landmark,we constructour tem-
plateusingregularly sampledpointsalongthecontour, up
to some“geodesic”distanceawayfrom thelandmark(mea-
suredalongthe contouritself). Our shapetemplateis de-
�ned by two “arms” emanatingfrom thelandmarkposition,
whereeacharm is de�ned by a setO of offsetmeansand
variancesok = (� k ; � 2

k ), suchthateachoffsetmeanis rel-
ative thepreviouspoint. Thesetof offsetmeansde�nesan
“average”shapewhich we expect to seeat the landmark;
Figure 1 illustratestwo suchaverageshapesfor the nose
andbodyof theairplane.

In an ideal imageof the object, we expect eachpoint
alongtheaverageshapeto generateanedgepixel in theim-
age.In reality, we have to allow bothfor local deformation
of theshapearoundthelandmark(accounting,amongother
things,for classvariability) andfor missingedgepixelsand
edgedetectionnoise.Wethereforeselectacontourfor each
armasfollows: Lettingp0

l bethepixel assignedto theland-
markl , we choosepk

l betheedgepixel (in theCanny edge
map)closestto pk � 1

l + � k . Assuminga Gaussiandistribu-
tion ontheoffsets,thedivergence(negativelog probability)
of theshapetemplateoffsetsfor a landmarkl assignedto a
pixel point pl is

f l
1(I ; pl ) = �

X

k

logN
�
pk

l ; � k ; � 2
k

�

whereN (pk
l ; � k ; � 2

k ) is theGaussiandensityparameterized
by themeanandvariance� k ; � 2

k associatedwith the land-
mark l andthekth point on theappropriatearmrelative to
thelandmark(severalrelevantindiceshavebeenomittedfor
clarity). Theclosertheedgepixelsareto theexpectedoffset
locationsof theshapetemplate,thesmallerthedivergence
andthehigherthecorrespondingpotentialvalue.Notethat
theabove formulationof shapetemplatedivergenceallows
theshapeto �e xibly deformastheexpectedlocationof pk

l
followsthe“assignment”of pk � 1

l to theclosestedgepoint.

AppearanceTemplates. Our goal is to useappearance
templatesthatalsotakeinto accounttheshapeof theobject.
To do so, we evaluatedifferentappearancecharacteristics
(�lter responses)in a squarepatchcenteredat eachland-
mark.However, ratherthanusingthecommonapproachof
evaluatingthepatchasa whole(e.g.,[13]), we distinguish
betweencharacteristicson theinsideandoutsideof theob-
ject. More precisely, we usetheaverageshapetemplateof
eachlandmarkl asa maskM l , which separatestheregion
aroundthe assignedlandmarkpositionpl into an “inside”

region andan “outside” region. This maskcanbe applied
to otherlocal features,turningstandardfeaturesinto “shape
aware”ones.

To reducethe sensitivity to small geometricdistortions
or transformations,we do not considerthe valuesof indi-
vidual pixels;rather, we summarizetheappearancecharac-
teristicsin two distinct histograms,oneover thesetof the
insidepixels andoneover the outsidepixels. Concretely,
considera patchcenteredaroundpl anda particular�lter
Fn . For eachpixel p in thepatch,we computetheresponse
of Fn , andquantizethe valueinto discretebins. We then
computea histogram� l

n of thesevaluesfor the insideof
the objectasde�ned by the maskM l andsimilarly com-
pute� l

n for theoutsideof theobject.Thesehistogramsare
thenusedin thecomputationof thefeaturevalue.We gen-
eratethesehistogramsfor threetypesof features.The�rst
histogrampair (� H ; � H ), representsdistributionsover the
hue value of the pixel in HSV space(the H component),
andis placedinto 8 uniformly spacedbins between0 and
360. The secondpair (� L ; � L ) representsa distribution of
intensityvalue(luminance)of the pixel binnedinto 8 uni-
formly spacedintervals. The �nal pair representstexture;
following the work of Malik et al. [16], we �rst compute
a responseto variousGabor�lters [9] at eachpixel across
6 orientations,3 scales,and3 frequencies.The responses
to these�lters arevectorizedto producea 54-dimensional
vectorfor eachpixel. The responsesat regularly sampled
pixels acrossa large setof training imagesare thenclus-
teredusingK-meansto providethehistogrambin centroids
for thedescriptors� T ; � T .

We use the appearance �lters to construct a
segmentation-like feature that favors different appear-
ancedistributions betweenthe inside and outsideof the
object. We formalize this intuition using the commonly
usedandeffective EarthMoversDistance(EMD) [21] and
computethefeaturevalueasa weightedsum:

f l
2(I ; pl ) =

X

c2f H ;L;T g

wc EMD(A I
c jjAO

c )

whereA I
c denotesthe insideappearancehistogramvalues

of typec andAO
c is usedfor theoutsidehistograms.Con-

sequently, a largedifferencebetweenthepixels insideand
outsideof the objectmaskin the vicinity of the landmark
will increasethe probability of the landmarkassignment.
Theweightswc werechosento emphasizeintensity(1) and
texture(1) overhue(0.5).

Location Prior. The �nal local featurewe consideris a
featureinspiredby Fei-Fei et al. [11]. As they show, an
effective localizationprior is importantwhen a model is
constructedfrom few instances.In our setting,we simply
usean uninformedlocalizationprior relative to the center
of the image,and constructthis prior only from the car-



Figure 2: Schematic representation of our
learning procedure. We begin with a set
of cartoon drawings fr om which we extract
high resolutionoutline contours. Thesecon-
tours are then hierarchically corresponded
to eachother to selectthe set of landmarks
that make up the model. Finally, a model
M is constructedfr omthecartoonsand their
correspondencesto the learned landmarks

Cartoon Drawing 
Training Instances

Final Shape 
Model

Hierarchical model merging

toon drawings. For instance,in the airplanemodelshown
in Figure1, andindeedfor all cartoonairplanesaswell, the
airplanetail is generallyin the upperleft quadrantof the
imagecenter. Speci�cally, we modeltheX ; Y locationof
landmarkl asa Gaussianwith mean(� l;X ; � l;Y ) andvari-
ances(� 2

l;X ; � 2
l;Y ). With theseparameters,we de�ne the

locationfeaturevalueto be:

f l
0(I ; pl ) = logN (plX ; � l;X ; � 2

l;X )+log N (plY ; � l;Y ; � 2
l;Y ):

Pairwise Features. Featuresfor landmarkpairsallow for
interactionsthatoccurmoreglobally in theimage.An obvi-
ouspairwisepropertythatis closelytiedto theobjectshape
is thegeometricrelationshipbetweenthe landmarks.Con-
siderlandmarksl andm assignedto pixelspl andpm , re-
spectively. Letdx = plX � pmX denotethehorizontaloffset
betweenthetwo locationsmeasuredin pixels.Modelingthe
distributionoversuchanoffsetusingaGaussianwith mean
� lm; � X andvariance� 2

lm; � X , wecomputethecorrespond-
ing featurevalueasthelog-probabilityof theoffset:

f l;m
X (I ; pl ; pm ) = logN (dx; � lm; � X ; � 2

lm; � X )

Weuseasimilar featureto modelthetheY offset,denoting
this featureby f l;m

Y (I ; pl ; pm ).
An importantchoicewith respectto pairwisefeaturesis

which pairsto includein themodel. This decisionhasim-
portantrami�cationsin termsof thecomplexity of theMRF
we usefor registration(seeSection2). In particular, us-
ing all pairsof landmarkscreatesa fully connectedgraph
with O(L 2) edges,leadingto a dif�cult inferenceproblem.
Therefore,we includein themodelonly two typesof pairs:
neighboringlandmarks,which accountfor the local geom-
etry; andpairsof landmarksthat lie diametrically“oppo-
site” to eachother(farthestapartalongthecontour),which
imposeenoughglobalconstraintsto restrictthedegreesof
freedomof the overall objectshape.The total numberof
pairwisepotentialsis thereforelinearin thenumberof land-
marks. In early experiments,we alsotried usingall land-
markpairs;thisapproachdid not improveperformance,but
requiredanorderof magnitudelongerrunningtime.

4 Learning the ShapeModel

In previous sectionswe describedthe elementsof our ob-
ject shapemodelM andhow this modelis registeredto an
image. We now turn to the problemof learninga model
M class for someparticularclass.Onemightconsiderlearn-
ing shapemodelsin an unsupervisedway, using training
imageswherewe know only that the object is in the im-
age.However, for therich shapemodelsthatwe havehere,
this processis highly susceptibleto very poor local max-
ima, andis unlikely to work well without signi�cant prior
knowledge.

Conversely, to turn the probleminto a fully supervised
learningtask,we would have to obtaina setof outlinesfor
multiple objectswithin the class,eachtaggedwith a con-
sistentsetof landmarks.The taskof generatingsuchdata
for a largenumberof objectclassesis a laboriousone.We
circumventthis bottleneckusingtwo ideas.The�rst is the
useof simple (cartoon)drawings of an object as training
data.In suchsimpleimages,wecanautomaticallyextracta
high-resolutioncontourusingaGradientVectorFlow snake
algorithm [24]. However, even given thesecontours,we
muststill generatea consistentsetof landmarksfor all of
theimages,andfrom it learnthemodel.In this section,we
discussthis learningprocedure,which is shown schemati-
cally in Figure2.

Hierar chical Contour Model Merging. Let C1 : : : CN

denotetheN contoursobtainedfor ourtrainingimages.We
generatea singleuni�ed modelfrom thesecontoursby us-
ing aahierarchicalmergingtechniquereminiscentof model
merging techniquesin other domains[23, 5]. At a high
level, this processsuccessively selectspairsof modelsand
mergestheminto one. Eachmodel in this constructionis
therebyaresultof somesetof registeredcontours.

We initialize our iterative procedureby creatingmod-
els M (1)

0 : : : M (N )
0 , whereeachM ( i )

0 is constructedfrom
the singleoriginal training instanceCi (Figure2, left). In
eachsuccessive iteration, we begin with K modelsfrom
the previous step,and perform pairwisemerging on con-
secutive modelpairsto produceK � 1 models.Thus,we
combineeachpair of modelsM ( i )

k andM ( i +1)
k into a new

model M ( i )
k+1 as illustrated in the pyramid. In order to
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Figure 3: Cartoon training images(left) and sampleoutlining resultson test images(right) along with the overlap
scoresof theseregistrationsfor several object classes.Shown are two goodand onebad examplefor eachclass.

performthe merge,we �rst determinethe correspondence
betweenlandmarksin the two models,usingour MRF lo-
calizationschemedescribedin Section2: We useM ( i )

k as

themodel,andgeneratean“ideal image”,I ( i +1)
k , from the

model M ( i +1)
k . In this image, the landmarkslie at their

meanlocationsaccordingto thegeneratingmodel,andeach
point alongthecontourconnectingtheselandmarksserves
asan edgepixel in the image. The domainfor eachland-
mark l in M ( i )

k is the setof landmarklocationsin I ( i +1)
k .

WethenregisterM ( i )
k andI ( i +1)

k usingourMRF algorithm;
the resultingcorrespondencedeterminesa correspondence
betweenlandmarksof M ( i )

k andM ( i +1)
k . Wenow construct

themergedmodelM ( i )
k+1 , associatedwith all of thetraining

contourscoveredby M ( i )
k andM ( i +1)

k . Themergedmodel

hasthe samesetof landmarksasM ( i )
k , eachof which is

registeredto a landmarkin M ( i +1)
k . Usingtheregistration

betweenthe landmarksof M ( i )
k ; M ( i +1)

k andtheir respec-
tive trainingcontours,we obtaina registrationbetweenthe
landmarksof M ( i )

k+1 andall of its associatedcontours.This
processis continued,asshown in Figure2, until a single
model,learnedfrom all N traininginstances,remains.

Landmark Pruning. The output model from this pro-
ceduremay have a fairly large numberof landmarks,de-
pendingonthenumberof pointsin theinitial contours.The
morelandmarkswe have,thelargerthenumberof parame-
ters,andthehigherthecomplexity of inferencein ourMRF.
We thereforetradeoff modelcomplexity and�t to data,to
reduceboththerisk of over�tting andcomputationalcost.

We prunelandmarksusinga simplebut effectiveheuris-
tic, inspired by the minimum descriptionlength (MDL)
framework [20]. We de�ne a probabilisticmodelover en-

tire contoursusing a simple Gaussiandistribution around
thecontourof theideal imageinducedby a modelM . The
“�t to data”componentof theMDL scoreis thenmeasured
asthelog-likelihoodof thetrainingcontoursrelative to this
likelihoodfunction, which is simply the squarederror be-
tweenthe training contoursand the meancontourof M .
This likelihoodis penalizedby subtractingatermfor model
complexity, measuredasa constantc timesthe numberof
landmarksjLj . We thenusea simplegreedyalgorithmto
remove landmarks,soasto maximizethis penalizedscore.
This processautomaticallydetermineswhich landmarksto
retainfor the�nal modelM .

Model Construction. Giventhesetof landmarksL , and
thesetof trainingcontoursC1; : : : ; CN registeredto L , we
essentiallyhave a fully observed dataset. We can there-
fore constructa probabilisticmodelM class usingstandard
Bayesianestimationtechniques.

First, to capturethepairwiseinteractionsbetweenland-
marksl andm, wesimplycomputethenecessarymoments
of the distancesbetweenthe assignmentsof theseland-
marks,pl andpm , acrossthetraininginstances,regularized
byalargevarianceNormal-Wishartprior [10] with animag-
inary samplesizeof 1 anda standarddeviation equalto a
quarterof theaverageobjectsize.

We estimatethe Gaussianposteriordistribution for the
landmarklocation featuref l

0(I ; pl ) from the actual loca-
tions of the landmarkin the contours,regularizedusinga
largevarianceNormal-Wishartprior [10] with animaginary
samplesizeof 1 anda standarddeviation equalto half the
sizeof theobject.

Estimatingthe parametersof the shape-templatemodel
is slightly more involved. Brie�y , for eachlandmarkl , a
shapetemplateis �rst constructedindependentlyfor each
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Figure 4: (a)–(f) Averageoverlap score as a function of the number of training instancesfor several object classes.
Compared are the resultsfor modelslearned automatically fr om cartoon drawings (blue,solid) and modelslearned
fr omhandsegmentedimages(red,dashed).(g),(h)RecognitionROC curvesfor the `airplane' and`cougarface' objects
showing sensitivity vs. speci�city asthe thr esholdon the lik elihoodde�ned in Eq. (1) is varied.

instanceby following the outline de�ned by that instance.
Themeanoffsetsof theindividualshapetemplatesarethen
averagedand the varianceis estimatedwith a regulariza-
tion of a Normal-Wishartprior [10] with a varianceof 25
pixels. The�nal shapetemplateis prunedso that,on aver-
ageacrossinstances,its lengthis roughly threequartersof
thesize(diagonalof boundingbox) of the contourmodel.
Estimatingthe appearancefeatureis donesimply by com-
putingtheappearancehistogramsfor eachtraininginstance
andthenaveragingacrossinstances.Themaskis computed
from theaboveshapetemplate.

5 Experimental Results

We appliedour procedureto six diverseobject categories
from the Caltech101 dataset[11]. To generatea training
set of cartoondrawings, we usedsimple drawings from
`Google images' that were then scaledto approximately
thesamedimensionsastheCaltechdatasetinstances.Fig-
ure 3(left) shows threeof the cartoondrawings usedfor
trainingin four of theobjectcategories.

We then createa model M class for eachobject class
asdescribedabove in Section4, andrandomlyselecteda
test set of up to 50 imagesfor eachclassand registered
our model to the imageusing the MRF basedprocedure
desribedin Section2. Figure3(right) shows sampleout-
linesfor severalobjectclasses.

To quantitatively evaluatethe ability of our methodto
localizeobjectsin complex images,we useanoverlapmet-

ric that measuresthe extent to which the object is cor-
rectlylocalizedrelativeto ahand-segmented̀groundtruth'.
Let XL � XI representthe setof pixels in imageI con-
tainedwithin the boundaryof the contourinstanceL , and
XGT � XI representthesetof pixelslying within thehand-
labeledgroundtruth. We de�ne the overlapaccuracy be-
tweenthesetwo setsto be the ratio of the numberof pix-
els in the intersectionto thenumberof pixelsin theunion:
Overlap(XL ; XGT ) = jX L \X GT j

jX L [X GT j 2 [0; 1]. Intuitively, two
good“outlines” of an objectwill sharea vastmajority of
their interior pixels,andhave a high overlapscore.To get
a sensefor this score,Figure3 shows theoverlapscorefor
eachexampleoutline.

In Figure4(a)-(f), we comparetheoverlapperformance
of our objectmodelslearnedfrom cartoondrawings with
that of modelsconstructedfrom hand-labeledtraining in-
stances. Shown is the averagetest-imageoverlap as a
function of the numberof training instances. As can be
clearly seen,the performanceof the model learnedusing
ourautomaticmethodis similar to thatof themodellearned
from hand-labeledinstances,whichcontainstheuser'sprior
knowledge.Thesegraphsshow thatour methodis quiteef-
fectiveat outliningavarietyof objectclasses.

Although recognitionis not our primary goal, and our
methodwas not tuned for recognitionperformance,it is
neverthelessinstructive to studyhow our methodperforms
on this task. We registeredeachobjectmodel to 50 ran-
domly selected̀background'images,whichservedasneg-
ativetestinstancesfor eachclass.Weusedthelikelihoodof



thecorrespondencede�ned in Eq.(1) to evaluatetheextent
to which our registrationis successfulon bothpositive and
negative test instances.Figure4(g),(h) show ROC curves
for the `airplane' and `cougarface' models. The break-
evenrecognitionratesare92%,90%,84%,82%,82%,and
69%for airplane,buddha,car, rooster, cougar, andbass,re-
spectively. Theserecognitionratesaresurprisinglyreason-
ablewhenwe considerthe fact that themodelwastrained
only only � ve cartooninstances.For example,in the re-
sults of FeiFei et al. [11], who also traineda generative
model from few instances,using6 training examples,the
recognitionratefor `cougarface'was85%,andcomparable
performancewasachieved only for 11 of the 101 classes.
Finally, we note that the recognitionratesof the models
learnedfrom hand segmentedinstanceswas consistently
worse. However, we do not believe this is indicative of a
signi�cant differencebetweenthe cartoonandhandmod-
els,asonecannotpredictwhatwouldhappenif wetuneour
modelparametersto improverecognitionperformance.

Finally, it is insightful to considerspeci�c examplesof
registrationof our model to images. Figure5(a) shows a
registrationexamplewhereour model fails. Figure 5(b)
showstheCanny edgemapfor thatimageanddemonstrates
someof thechallengesof theoutlining task: in this image,
many of thecaredgepixelsaresimply not detecteddueto
thesimilar intensitybetweenthecarandthewall behindit.
Clearly, outlining in this caserequiresa betteredgemapor
alternative low level cues.

Figure5(c)–(d)showsregistrationsto thesamè carside'
imageusingdifferentcomponentsof our model. In (c) we
useonly theshapetemplatefeature,the locationprior, and
pairwisedistancesandarenot ableto successfullyoutline
thecar. In (d) we addour foreground-backgroundappear-
ancefeature. This feature,which favors differencesin in-
tensity and texture betweenthe inside and outsideof the
object, is clearly not compatiblewith the correspondence
foundin (c) andpushesouroutlinetowardthecar, achieving
reasonablesuccess.It is alsoimportantto notethat (c) ex-
empli�es thefact thatour locationprior is relatively weak:
it typically simplyhelpsto prunesolutionsthatarecloseto
theedgeof theimageswhile still allowing largedeviations
from theexpectedlocationof thelandmarks.

6 Discussionand RelatedWork

In this work, we introducea novel methodfor learningthe
shapeof objectclassesusinga landmarkbasedmodel. We
show how ourmodelcanbeautomaticallylearnedfrom car-
toondrawingsandregisteredto complex imagestowardthe
taskof preciseoutlining of theobject. We demonstratethe
effectivenessof ourmethodfor severalvariedmodelclasses
andshow thatour methodachievessimilar resultsto those
of amodellearnedfrom handsegmentedimages.

(a) (c)

(b) (d)

Figure 5: (a) An examplewhere our `car' model fails;
(b) edgemap of (a); Registration using (c) only shape
template; (d) adding the appearancefeature.

Our contribution in this work is twofold. First, we
presentamodelaimedatcapturingthe“fundamental”shape
of the objectclass. Our modelis basedon landmarksthat
de�ne theoutlineof theobjectsalongwith local landmark
characteristicsandmoreglobal geometricconstrains.Im-
portantly, all the featureswe use, including thosebased
on appearance,are “shapeaware” and take into account
the outline of the object. Second,we introducea learning
approachthat effectively bootstrapsinformationin simple
cartoondrawings andappliesthat informationto complex
images. This allows us to circumvent the needfor time-
consumingandcostlyhumansupervision.

Theproblemof objectrecognitionhasbeenaddressedin
many workswith differentgoals.Oneclassis aimedsolely
at recognition and often usesa discriminative approach
(e.g., [14, 22]). As such,thesemethodsare typically ig-
norantof theshapeandofteneventhelocationof theobject
in the image. Importantly, the imagefeaturesusedfor dis-
criminationareoftennot in theobjectitself, but in theback-
ground. Clearly, usingthe context of an object for recog-
nition is both helpful and legitimate. However, thereare
many tasks(e.g.,distinguishingobjectson a kitchencoun-
tertop, or recognizingdifferent animalsin a grassy�eld)
wherethe backgroundis similar for the different classes,
andsoprovidesno discrimatingpower. It is thereforeuse-
ful to investigatemethodsthat focusmoredirectly on the
objectitself. Moreover, in orderto achieve state-of-the-art
recognitionrates,discriminative methodsusuallyrequirea
signi�cant numberof labeledtraininginstances.In fact,Ng
andJordan[17] suggestthatthis is aninherentlimitation of
discriminative approachesandthatgenerative methodsare
moreappropriatewhenthenumberof instancesis small.

Anotherline of work tries to modelgeometricelements
or partsof the objectwithout preciselyoutlining it in the



image. Recentyearshave seenseveralworks that address
this taskusinga partbasedmodelthat is eitherpurelygen-
erative suchas the constellationmodel [13, 11], or semi-
discriminative such as the work of Quattoni et al. [19],
which usesconditionalrandom�elds to model the object.
Many of the above works are able to achieve impressive
recognitionperformance.However, their ability to localize
theobjectpreciselyhasnotbeenthoroughlyevaluated.

On thesurface,themostsimilar to ourwork in thisclass
is thatof Berg etal. [2], whichusesalandmarkbasedmodel
that is registeredto images.Two importantdifferencesbe-
tweentheir approachandoursareworth noting. First, they
usea largersetof imagesfor training(3 timesasmany) and
storeall of themasexemplarsinsteadof creatinga uni�ed
probabilisticmodel. Thus,they never attemptto explicitly
modeltheshapeof anobjectbut ratherto matchtemplates
to images.Secondandmoreimportantly, they usea larger
numberof landmarkswith featuresthat cover a large por-
tion of theimage.As a result,their work leveragesgeneral
imagestatisticsmorethanobject-speci�cstatistics,allow-
ing themto exploit informationaboutthebackground,sim-
ilarly to thediscriminativemethodsdiscussedabove.

Finally, several works also consideredthe problemof
preciseoutlining of objects. Typical examplesincludethe
active shapemodelsof Cooteset al [6], the stick �gures
model of Coughlanand Ferreira[7], or the object-based
segmentationof Kumaret al. [15]. Thesemethodsaregen-
erally appliedto relatively limited scenariosor usesimple
modelswith few degreesof freedom,and it is not clear
whetherand how they can be applied to generalobject
classes.Our work addressesthe samechallengingtaskof
preciselyoutlining objectsin images,but de�nes a general
and�e xible “shapeaware” modelthat canbe registeredto
variedandcomplex objectclasses.

Our work canbe extendedin several directions. Most
obviously, ourmodelcurrentlyassumesthattheobjectis in
a �x edposeandscale.We hopeto avoid theseassumptions
by introducingasearchoverobjectposeandscale.We also
hopeto incorporatea moreeffective appearancemodelby
learning�rst oncartoonimages,followedby anappearance
learningstageusingrealimages.Morebroadly, inspiredby
the exemplar-basedapproachof Berg et al. [2], we would
like to considera mixture-modelfor the shapetemplateat
eachlandmark,allowing greater�e xiblity in shapemodel-
ing. Evenmoregenerally, we notethatour notionof object
shapecanalsobeviewedasanatural2D projectionof a3D
meshmodel. We believe that object-classvariability can
be very naturallymodeledin 3D (e.g., as in Anguelov et
al. [1]), andhopeto extendour approchto allow registra-
tion of 2D imagesto �e xible 3D shapemodels.
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