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Abstract

We considertheimportantchallenge of recagnizinga va-
riety of deformableobjectclassesn images. Of fundamen-
tal importanceand particular dif culty in this settingis the
problemof “outlining” an object,ratherthansimplydecid-
ing onits presencer absenceA majorobstaclen learning
amodelthatwill allow usto addresshistaskis theneedfor
hand-sgmentedrainingimages.In this paperwepresen
novellandmark-basedyiecavise-linearmodelof the shape
of an objectclass. We thenformulatea learning approad
that allowsusto learn this modelwith minimalusersuper
vision. We circumventthe needfor hand-sgmentationby
transferringthe shape“essence” of an objectfrom draw-
ingsto compleimages.We showthat our methods ableto
automaticallyandeffectivelylearn andlocalizea variety of
objectclasses.

1 Intr oduction

Recognizingbjectdn imageds asurprisinglydif cult task
that haschallengedthe eld of computervision from its
inception. Recentworks addresghis problemusinga va-
riety of methodswith signi cantly differentgoals,which
broadlyfall into threecategories.The rst is simplyto rec-
ognizethe existenceof an objectin theimage. Suchtech-
niguescommonlyusesophisticatedmagefeatureghatare
oftenunrelatedo the objectstructureor locationin theim-
age[22, 14, 2]. A secondmoreambitiousgoalis to roughly
localizethedifferentpartsof the objecttowardbetterrecog-
nition[13, 12, 19]. Althoughthesemodelstry to accountor
shapeand localization, evaluationwith respectto a local-
ization measurds generallynot performed. Finally, some
work [7, 15] hasbeendoneon preciseobjectlocalization,
but this usuallyfocuseson very speci ¢ objectclasses.
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In this paperwe addresghe goal of modelingthe shape
of a generalobject classin 2D, and using sucha shape
modelto automaticallyoutline objectsin the classin real
images. The outlining taskis interestingin its own right,
asit is importantfor providing a detaileddescriptionof the
objectsin a sceneandtheir inter-relationships.Moreover,
developingagoodmodelof anobject's basicshapeappears
to be animportantstepin utilizing backgrouncknowledge
(e.g.,thegenerakhapeof quadrupedsfor speci ¢ recogni-
tion tasks.

We describea e xible, probabilisticobject model that
captureghe contourof the object’s deformableshapeand
its characteristicsln contrasto earlywork onmodelingob-
jectshapd3], ourmodelis semi-parametricit is de nedin
termsof landmarks eachassociatedvith local contourin-
formation;thelandmarksareconnectedvith line segments,
therebyde ning acompleteobjectshape.Theprobabilistic
modelis formulatedasa Markov random eld (MRF) [18]
overthesdandmarksallowing thetaskof outlining the ob-
jectto besolvedusingstandardMRF inferencealgorithms.

A key bottleneckin learninga contourmodelis theneed
for traininginstance®f the objectoutline. Oneoptionis to
handoutline the objectin training images. This approach
is laborious,andhardto scaleto alarge numberof classes.
We circumventthis problemby training our shapemodels,
in an unsupervisedvay, using simple (cartoon)drawings
of objectsin thetametclass.In drawings,the fundamental
contourof theobijectis clearlyvisible, avoidingmary of the
problemgsuchasclutterandshadingvariations)associated
with complex images.Thus,we learna modelof the “fun-
damental’shapeof the objectfrom cartoondrawings, and
transferit to thetaskof recognizingobjectsin realimages.
We shav that our methodeffectively bootstrapsrom the
simpledrawings,andthatlearningfrom drawingsis compa-
rableto learningfrom hand-sgmentedexamples.Overall,
we demonstratéhatour generaframenork is applicableto
very differentclassesandthatit is ableto achieve high per
formancein outliningthemin images.
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Figure1: lllustration of alandmark basedshapemodel
for the airplaneobject. Shown arethe landmarks outlin-
ing the airplane aswell asexamplesof local shapetem-
plate featuresand pairwise distancefeatures.

2 ShapeModel and Object Outlining

We representhe shapeof a classof objectsasa probabilis-
tic modelM overasetof landmarkd. ; Figurel illustrates
the modelfor the airplaneobject. The outline of the ob-
jectis de ned by the piecavise-linearcontourthatconnects
adjacentandmarkpoints. In additionto theoutline,M in-
cludesdifferentfeatureof individuallandmarksjncluding
location,localedgeshapejmageappearancaswell asfea-
turesof pairsof landmarks,including geometricrelation-
ships. All theseelementsare probabilisticallyconstructed
to representheintraclassvariationof the object's shapeln
this section,we presentthe probabilisticmodel, deferring
thespeci csof thefeatureausedto Section3.

To outlineanobjectin animagel with asetof pixelsX, ,
we wantto registereachof thelandmarkd 2 L to agiven
pixel locationp, 2 X;. We de ne thelocalizationinstance
L, asamappingor correspondencef landmarkgo pixels
L, : L ! X;. Ourgoalis thento de ne a probability
distribution P(L, j 1;M ) which evaluatesthe extent to
which the image characteristicat the landmarklocations
t thosepredictedby themodel.

We de ne a setof featuresfor eachlandmarkl, based
on the image and the pixel p, to which the landmarkis
assigned. Intuitively, thesefeaturesshould quantitatvely
evaluatehow well the landmark! ts the candidatepixel
locationp, (seeSection3). We usef /(1 ; p) for thei" fea-
ture of landmarkl, andnotethatit is a function of theim-
agel , andthe pixel locationp, . Pairsof landmarkd; m are
alsoassociatedvith pairwisefeaturesf ]-';m (I';pi; pm) that
evaluatethe quality of their jointly assignecixel locations
Pi;pPm-. The objectmodelM de nes the full setof fea-
turefunctionsfor individual andpairsof landmarks Actual
valuesof thesefeaturesare computedrelative to a speci c
imagel andalandmarkcorrespondence; .

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

variablescorrespondo landmarksthedomainof landmark
variablel is a setof candidatemagepixelsp, 2 X, aswell
asan "absent'value(i.e., the landmarkdoesnot appeatin
theimage).GivenamodelM of anobjectclassandanim-
agel , thelikelihoodof a givenlocalizationassignmentL
is:

Y (X )
P(LijI;M) / exp  f{(l;p) 1)
121, j

8 9
Y <X m =
exp. £ (5P pm).
m 2L, j '
The probability of the landmark-to-pixel assignment, ,
andthusthatof theoutline,is highif theaggreationof the
multiple cues(features)o its existenceis strong.Thus,ob-
jectoutliningis aregistrationtask— nding thelandmark-
to-pixel correspondencinatmaximizesP (L, jl ;M ). This
is simply the mostlikely (MAP) assignmentelative to the
distribution de ned in the MRF of Eq. (1), which canbe
found usinga variety of algorithms;we usethe simplebut
effective max-productlgorithm[18].

However, it is computationallyinfeasibleto allow all
pixelsin theimageasthedomainof |I: Evenfor arelatively
smallimage,with 300 200 pixels,the pairwisepotentials
have size60; 000*. Thus,for eachlandmarkl, we selecta
restrictedsubsetof pixelsX' X to sere ascandidates
for the landmarklocation. To this end,we rst transform
the imageinto an edgemap using the Canry edgedetec-
tor [4] andwe pruneoutall pixelsp 2 X which do notlie
on a detectecedgepoint. This reduceghe spaceof candi-
datepixelsto afew hundred®r thousandsTo furtherprune
ourdomain we choosehebest50 edgepixelsaccordingo
our shapeemplatefeaturef ] (1 ; pr) (seeSection3) to sene
asthe MRF assignmentlomainX ' for landmark.

To summarize,our model M containsboth local and
pairwiseinformationaboutthe object. Givenanimagein
which we wantto outline an object,we usean MRF to de-
ne aprobabilitydistribution over possibleassignments
of landmarkgto pixels. We usea standardVIAP inference
algorithmto nd the (approximately)mostlikely assign-
ment,whichin turn de nesthe outline of the object.

3 A “Shape Aware” Object Model

As discussedn the previous section,our model de nes a
setof local featurefunctionsf (I ; p) for eachlandmark,
anda setof pairwisefeatured i';m (I'; pr; pm) for landmark
pairs. Thelocal landmarkfeaturesn our modelencodéan-
formation aboutthe expectedimage characteristicsn the
vicinity of the pixel p; to which thelandmarkl is assigned.
Importantly, all of thefeaturesve considerbethey edgeor
appearancbasedare“shapeaware” andcontributein con-



certtoward a well de ned yet probabilisticallydeformable
objectoutline.

ShapeTemplate. The rst featurewe consideris aimed
at capturingthe shapedirectly. We usea templateof the
edge points surroundingthe landmarkl. While a com-
mon approachis to considerall edgepointsin a ball or
a patch centeredat the landmark,we constructour tem-
plate usingregularly sampledpointsalongthe contour up
to some“geodesic’distanceaway from thelandmark(mea-
suredalongthe contouritself). Our shapetemplateis de-
ned by two “arms” emanatingrom thelandmarkposition,
whereeacharmis de ned by a setO of offsetmeansand
variance®y = ( «; 2), suchthateachoffsetmeanis rel-
ative the previous point. The setof offsetmeansde nesan
“average”shapewhich we expectto seeat the landmark;
Figure 1 illustratestwo such averageshapedor the nose
andbodyof theairplane.

In an ideal image of the object, we expecteachpoint
alongtheaverageshapeo generat@anedgepixel in theim-
age.In reality, we have to allow bothfor local deformation
of theshapearoundthelandmark(accountingamongother
things,for classvariability) andfor missingedgepixelsand
edgedetectiomoise.We thereforeselecta contourfor each
armasfollows: Letting plO bethepixel assignedo theland-
markl, we choosep}< be the edgepixel (in the Canry edge
map)closesto pf 1+ . Assuminga Gaussiardistribu-
tion ontheoffsets thedivergencghegative log probability)
of the shapaemplateoffsetsfor alandmarki assignedo a
pixel pointp; is

f1(;p) =

X
logN P & &

k
whereN (pf; «; £)istheGaussiamlensityparameterized
by the meanandvariance ; Ifassociatecivith the land-
mark| andthekth point on the appropriatearm relative to
thelandmark(severalrelevantindiceshave beenomittedfor
clarity). Theclosertheedgepixelsareto theexpectedffset
locationsof the shapetemplate the smallerthe divergence
andthe higherthe correspondingotentialvalue. Note that
the above formulationof shapetemplatedivergenceallows
the shapeto e xibly deformasthe expectedocationof pf
followsthe“assignment’of p:‘ ! to theclosestedgepoint.

AppearanceTemplates. Our goalis to useappearance
templateghatalsotake into accountheshapeof theobject.
To do so, we evaluatedifferentappearanceharacteristics
(Iter responsesin a squarepatchcenteredat eachland-
mark. However, ratherthanusingthe commonapproacthof
evaluatingthe patchasa whole (e.g.,[13]), we distinguish
betweercharacteristicen theinsideandoutsideof the ob-
ject. More precisely we usethe averageshapetemplateof
eachlandmarkl asa maskM, which separatethe region
aroundthe assignedandmarkpositionp, into an “inside”

region andan “outside” region. This maskcanbe applied
to otherlocal featuresfurningstandardeaturesnto “shape
aware” ones.

To reducethe sensitvity to small geometricdistortions
or transformationsyve do not considerthe valuesof indi-
vidual pixels; rather we summarizehe appearanceharac-
teristicsin two distinct histogramspneover the setof the
inside pixels and one over the outsidepixels. Concretely
considera patchcenteredaroundp, anda particular Iter
Fn. For eachpixel p in the patch,we computetheresponse
of Fn, andquantizethe valueinto discretebins. We then
computea histogram | of thesevaluesfor the inside of
the objectas de ned by the maskM, and similarly com-
pute | for the outsideof the object. Thesehistogramsare
thenusedin the computatiorof the featurevalue. We gen-
eratethesehistogramdor threetypesof features.The rst
histogrampair ( 1 ; n), representslistributions over the
hue value of the pixel in HSV space(the H component),
andis placedinto 8 uniformly spacedbins between0 and
360. The secondpair ( ; ) represents distribution of
intensityvalue (luminance)of the pixel binnedinto 8 uni-
formly spacedntervals. The nal pair representsgexture;
following the work of Malik et al. [16], we rst compute
aresponseo variousGabor lters [9] at eachpixel across
6 orientations,3 scales,and 3 frequencies.The responses
to these Iters arevectorizedto producea 54-dimensional
vectorfor eachpixel. The responseat regularly sampled
pixels acrossa large setof training imagesare then clus-
teredusingK-meango provide the histogrambin centroids
for thedescriptors 1; .

We use the appearance lters to construct a
sgmentation-lile feature that favors different appear
ancedistributions betweenthe inside and outside of the
object. We formalize this intuition using the commonly
usedandeffective EarthMoversDistance(EMD) [21] and
computethe featurevalueasa weightedsum:

X
BHIE we EMD(ALIAS)
c2f H;L,T g

whereAl denoteshe inside appearancéistogramvalues
of typec andAY? is usedfor the outsidehistograms.Con-

sequentlya large differencebetweerthe pixelsinsideand

outsideof the objectmaskin the vicinity of the landmark
will increasethe probability of the landmarkassignment.
Theweightsw, werechoserto emphasizéntensity(1) and

texture (1) overhue(0.5).

Location Prior. The nal local featurewe consideris a
featureinspiredby Fei-Feiet al. [11]. As they shaw, an
effective localization prior is importantwhen a model is
constructedrom 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. Schematicrepresentation of our

learning procedure. We begin with a set
of cartoon drawings from which we extract
high resolution outline 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 omthe cartoonsand their

correspondenceto the learned landmarks

toondrawings. For instance,n the airplanemodelshovn
in Figurel, andindeedfor all cartoonairplanesaswell, the
airplanetail is generallyin the upperleft quadrantof the
imagecenter Speci cally, we modelthe X ;Y locationof
landmarkl asa Gaussiarwith mean( x ; v ) andvari-
ances( % ; 2 ). With theseparameterswe de ne the
locationfeaturevalueto be:

f(l)(l ;) = logN (pix 5 x5 |2;x )+log N (py 5 s |2;Y ):

Pairwise Features. Featuregor landmarkpairsallow for
interactionghatoccurmoregloballyin theimage.An obvi-
ouspairwisepropertythatis closelytied to theobjectshape
is the geometricrelationshipbetweenthe landmarks.Con-
siderlandmarkd andm assignedo pixelsp, andpm, re-
spectvely. Letdx = px pmx denotehehorizontaloffset
betweerthetwo locationsmeasuredh pixels. Modelingthe
distribution over suchanoffsetusinga Gaussiarwith mean

m; x andvariance 2.  ,wecomputethecorrespond-
ing featurevalueasthelog-probabilityof the offset:

f>|(;m(|;pl;pm):|09N(dX; Im; X ﬁ-n; %)

We usea similar featureto modelthethe Y offset,denoting
this featureby f U™ (1'; pi; pm).

An importantchoicewith respecto pairwisefeaturess
which pairsto includein the model. This decisionhasim-
portantrami cationsin termsof thecompleity of theMRF
we usefor registration(seeSection2). In particulay us-
ing all pairs of landmarkscreatesa fully connectedyraph
with O(L?) edges)eadingto adif cult inferenceproblem.
Thereforewe includein the modelonly two typesof pairs:
neighboringlandmarkswhich accountfor thelocal geom-
etry; and pairs of landmarksthat lie diametrically“oppo-
site” to eachother(farthestapartalongthe contour),which
imposeenoughglobal constraintdo restrictthe degreesof
freedomof the overall objectshape. The total numberof
pairwisepotentialds therefordinearin thenumberof land-
marks. In early experimentswe alsotried usingall land-
markpairs;this approachdid notimprove performancebut
requiredanorderof magnituddongerrunningtime.

Cartoon Drawing
Training Instances [ s

Hierarchical model merging

Final Shape
Model

4 Learning the ShapeModel

In previous sectionswe describedhe elementsof our ob-
jectshapemodelM andhow this modelis registeredto an
image. We now turn to the problemof learninga model
M qassfor someparticularclass.Onemight considedearn-
ing shapemodelsin an unsupervisedvay, using training
imageswherewe know only that the objectis in the im-
age.However, for therich shapemodelsthatwe have here,
this processs highly susceptiblego very poor local max-
ima, andis unlikely to work well without signi cant prior
knowledge.

Corversely 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 alarge numberof objectclassess alaboriousone. We
circumwentthis bottleneckusingtwo ideas.The rst is the
useof simple (cartoon)drawings of an objectastraining
data.ln suchsimpleimageswe canautomaticallyextracta
high-resolutiorcontourusinga GradientVectorFlow snale
algorithm[24]. However, even given thesecontours,we
muststill generatea consistensetof landmarksfor all of
theimagesandfrom it learnthemodel. In this sectionwe
discussthis learningprocedurewhich is shavn schemati-
cally in Figure2.

Hierar chical Contour Model Merging. LetC;:::Cy

denoteheN contoursobtainedor ourtrainingimages.We
generatea singleuni ed modelfrom thesecontoursby us-
ing aahierarchicamemingtechniqueeminiscenbf model
meming techniquesn other domains[23, 5]. At a high
level, this processsuccessiely selectgpairsof modelsand
memgestheminto one. Eachmodelin this constructionis
therebyaresultof somesetof registeredcontours.

We initialize our iterative procedureby creatingmod-
elsM § :::M ) whereeachM () is constructedrom
the single original training instanceC; (Figure2, left). In
eachsuccessie iteration, we begin with K modelsfrom
the previous step, and perform pairwise meiging on con-
secutve modelpairsto produceK 1 models. Thus,we
combineeachpair of modelsM { andM (™" into anew

model M (), asillustratedin 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 classesShowvn aretwo goodand onebad examplefor eachclass.

performthe memge, we rst determinethe correspondence
betweenlandmarksin the two models,usingour MRF lo-

calizationschemedescribedn Section2: We useM fj) as
themodel,andgeneratean“ideal image”, | é'”) , from the

modelM f('ﬂ) . In this image, the landmarkslie at their
meanlocationsaccordingo thegeneratingnodel,andeach
point alongthe contourconnectingheselandmarkssenes
asan edgepixel in theimage. The domainfor eachland-
markl in M (k') is the setof landmarklocationsin Ié'ﬂ) .
WethenregisterM (" andi {*? usingourMRF algorithm;
the resultingcorrespondencdeterminesa correspondence
betweerandmarkof M (" andM (" . Wenow construct

thememgedmodelM (kill , associateevith all of thetraining

contourscoveredby M S) andM (ki+1) . Thememgedmodel
hasthe samesetof landmarksasM {, eachof which is
registeredto alandmarkin M ﬁ'ﬂ) . Usingtheregistration

betweerthe landmarksof M ;M ("D andtheir respec-
tive training contours we obtainaregistrationbetweernthe
landmarksof M (k'il andall of its associate@ontours.This
processs continued,as shovn in Figure 2, until a single
model,learnedrom all N traininginstancestemains.

Landmark Pruning. The outputmodelfrom this pro-
ceduremay have a fairly large numberof landmarks,de-
pendingonthenumberof pointsin theinitial contours.The
morelandmarkswve have, the largerthe numberof parame-
ters,andthehigherthecompleity of inferencan our MRF.
We thereforetradeoff modelcompleity and t to data,to
reduceboththerisk of over tting andcomputationatost.

We prunelandmarkausinga simplebut effective heuris-
tic, inspired by the minimum descriptionlength (MDL)
framework [20]. We de ne a probabilisticmodel over en-

tire contoursusing a simple Gaussiardistribution around
the contourof theidealimageinducedby amodelM . The
“t todata”componentf the MDL scoreis thenmeasured
asthelog-likelihoodof thetrainingcontoursrelative to this
likelihoodfunction, which is simply the squarederror be-
tweenthe training contoursand the meancontourof M .
Thislikelihoodis penalizedby subtractingatermfor model
complity, measuredsa constantc timesthe numberof
landmarkgLj. We thenusea simple greedyalgorithmto
remove landmarksso asto maximizethis penalizedscore.
This processautomaticallydeterminesvhich landmarkso
retainfor the nal modelM .

Model Construction. Giventhe setof landmarkd., and
essentiallyhave a fully obsered dataset. We canthere-
fore constructa probabilisticmodelM 555 USiNg standard
Bayesiarestimationtechniques.

First, to capturethe pairwiseinteractionsbetweenand-
marksl andm, we simply computethe necessarymoments
of the distancesbetweenthe assignmentof theseland-
marks,p; andpn, , acrosghetraininginstancestegularized
by alargevarianceNormal-Wshartprior [10] with animag-
inary samplesizeof 1 anda standarddeviation equalto a
guarterof theaverageobjectsize.

We estimatethe Gaussiamposteriordistribution for the
landmarklocation featuref \(I; p) from the actualloca-
tions of the landmarkin the contours,regularizedusing a
largevarianceNormal-Wishartprior [10] with animaginary
samplesizeof 1 anda standardieviation equalto half the
sizeof theobject.

Estimatingthe parameter®f the shape-templatenodel
is slightly moreinvolved. Brie y, for eachlandmarkl, a
shapetemplateis rst constructedndependenthyfor 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 from cartoon drawings (blue,solid) and modelslearned

fromhand segmentedmages(red,dashed)(g),(h) RecognitionROC curvesfor the “airplane' and "cougarface' objects

shawing sensitivity vs. speci city asthe thresholdon the lik elihood de ned in Eq. (1) is varied.

instanceby following the outline de ned by that instance.
Themeanoffsetsof theindividual shapagemplatesarethen
averagedand the varianceis estimatedwith a regulariza-
tion of a Normal-Wishartprior [10] with a varianceof 25

pixels. The nal shapetemplateis prunedsothat,on aver-

ageacrossnstancesits lengthis roughly threequartersof

the size (diagonalof boundingbox) of the contourmodel.
Estimatingthe appearancéeatureis donesimply by com-

putingtheappearanchistogramgor eachtraininginstance
andthenaveragingacrossnstancesThemaskis computed
from theabove shapeemplate.

5 Experimental Results

We appliedour procedureto six diverseobject cateyories
from the Caltech101 datase{11]. To generatea training
set of cartoondrawings, we usedsimple drawings from
"Googleimages' that were then scaledto approximately
the samedimensionsasthe Caltechdataseinstances Fig-
ure 3(left) shaws three of the cartoondrawings usedfor
trainingin four of the objectcateyories.

We then createa model M (555 for eachobject class
asdescribedabore in Section4, andrandomlyselecteda
test setof up to 50 imagesfor eachclassand registered
our model to the image using the MRF basedprocedure
desribedin Section2. Figure 3(right) shavs sampleout-
linesfor severalobjectclasses.

To quantitatvely evaluatethe ability of our methodto
localizeobjectsin complex imageswe useanoverlapmet-

ric that measureghe extent to which the objectis cor
rectlylocalizedrelative to ahand-sgmentedgroundtruth’.
Let X, X representhe setof pixelsin imagel con-
tainedwithin the boundaryof the contourinstancel, and
Xer X representhesetof pixelslying within thehand-
labeledgroundtruth. We de ne the overlapaccurag be-
tweenthesetwo setsto be the ratio of the numberof pix-
elsin theintersectiorto the numberof pixelsin the union:
Overlag(X, ; Xo1) = K= 2 [0;1]. Intuitively, two
good“outlines” of an objectwill sharea vastmajority of
their interior pixels, andhave a high overlapscore. To get
a sensdor this score,Figure 3 shovs the overlapscorefor
eachexampleoutline.

In Figure4(a)-(f), we comparethe overlapperformance
of our objectmodelslearnedfrom cartoondrawings with
that of modelsconstructedrom hand-labeledraining in-
stances. Shown is the averagetest-imageoverlap as a
function of the numberof training instances. As canbe
clearly seen,the performanceof the modellearnedusing
ourautomatianethodis similarto thatof themodellearned
from hand-labelethstanceswhichcontaingheusersprior
knowledge.Thesegraphsshown thatour methodis quite ef-
fective at outlining a variety of objectclasses.

Although recognitionis not our primary goal, and our
methodwas not tunedfor recognitionperformanceit is
neverthelessnstructive to studyhow our methodperforms
on this task. We registeredeachobjectmodel to 50 ran-
domly selectedbackgroundimageswhich senedasneg-
ative testinstancedor eachclass.We usedthelik elihoodof



thecorrespondencee nedin Eq. (1) to evaluatethe extent
to which our registrationis successfubn both positive and
negative testinstances.Figure 4(g),(h) shov ROC curves
for the “airplane' and “cougarface' models. The break-
evenrecognitionratesare 92%, 90%, 84%,82%,82%,and
69%for airplane buddha car, rooster cougarandbassye-
spectvely. Theserecognitionratesaresurprisinglyreason-
ablewhenwe considerthe factthatthe modelwastrained
only only ve cartooninstances.For example,in the re-
sults of FeiFeiet al. [11], who also trained a generatie
modelfrom few instancespsing 6 training examples,the
recognitionratefor “cougarface'was85%,andcomparable
performancewvas achieved 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 cartoonand hand mod-
els,asonecannotpredictwhatwould happerif wetuneour
modelparameterso improve recognitionperformance.

Finally, it is insightful to considerspeci c examplesof
registrationof our modelto images. Figure 5(a) shavs a
registration example where our model fails. Figure 5(b)
shavsthe Canry edgemapfor thatimageanddemonstrates
someof the challengef the outlining task: in thisimage,
mary of the caredgepixelsare simply not detecteddueto
the similar intensitybetweerthe carandthewall behindit.
Clearly, outlining in this caserequiresa betteredgemapor
alternative low level cues.

Figure5(c)—(d)showvsregistrationso thesame carside’
imageusingdifferentcomponent®f our model. In (c) we
useonly the shapeemplatefeature the locationprior, and
pairwisedistancesand are not ableto successfullyoutline
thecar In (d) we addour foreground-backgound appear
ancefeature. This feature,which favors differencesn in-
tensity and texture betweenthe inside and outsideof the
object, is clearly not compatiblewith the correspondence
foundin (c) andpushe®uroutlinetowardthecar, achiesing
reasonablsuccesslt is alsoimportantto notethat(c) ex-
empli es thefactthatour locationprior is relatively weak:
it typically simply helpsto prunesolutionsthatarecloseto
the edgeof theimageswhile still allowing large deviations
from theexpectedocationof thelandmarks.

6 Discussionand RelatedWork

In this work, we introducea novel methodfor learningthe
shapeof objectclassesisingalandmarkbasedmodel. We
shav how ourmodelcanbeautomaticalljearnedrom car
toondrawingsandregisteredo comple« imagesowardthe
taskof preciseoutlining of the object. We demonstrat¢he
effectivenes®f our methodfor severalvariedmodelclasses
andshaow thatour methodachievessimilar resultsto those
of amodellearnedrom handsegmentedmages.

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

Our contrikution in this work is twofold. First, we
presenamodelaimedatcapturinghe“fundamental’shape
of the objectclass. Our modelis basedon landmarksthat
de ne the outline of the objectsalongwith local landmark
characteristicand more global geometricconstrains.Im-
portantly all the featureswe use, including those based
on appearanceare “shapeaware” and take into account
the outline of the object. Secondwe introducea learning
approachthat effectively bootstrapsnformationin simple
cartoondrawings and appliesthat informationto complec
images. This allows us to circumwvent the needfor time-
consumingandcostly humansupervision.

The problemof objectrecognitionhasbheenaddresseth
mary workswith differentgoals.Oneclassis aimedsolely
at recognition and often usesa discriminatve approach
(e.g.,[14, 22]). As such,thesemethodsare typically ig-
norantof the shapeandofteneventhelocationof the object
in theimage. Importantly theimagefeaturesusedfor dis-
criminationareoftennotin theobjectitself, butin theback-
ground. Clearly, usingthe contect of an objectfor recog-
nition is both helpful and legitimate. However, thereare
mary tasks(e.qg.,distinguishingobjectson a kitchencoun-
tertop, or recognizingdifferentanimalsin a grassy eld)
wherethe backgrounds similar for the differentclasses,
andso providesno discrimatingpower. It is thereforeuse-
ful to investigatemethodsthat focus more directly on the
objectitself. Moreover, in orderto achieve state-of-the-art
recognitionrates,discriminatve methodsusuallyrequirea
signi cant numberof labeledtraininginstancesin fact,Ng
andJordan17] suggesthatthisis aninherentimitation of
discriminative approacheandthat generatie methodsare
moreappropriatavhenthe numberof instancess small.

Anotherline of work triesto modelgeometricelements
or partsof the objectwithout preciselyoutlining it in the



image. Recentyearshave seenseveral works that address
this taskusinga partbasednodelthatis eitherpurelygen-
eratve suchasthe constellationmodel[13, 11], or semi-
discriminative such as the work of Quattoniet al. [19],
which usesconditionalrandom elds to modelthe object.
Many of the abose works are able to achieve impressie
recognitionperformance However, their ability to localize
the objectpreciselyhasnot beenthoroughlyevaluated.

Onthesurface themostsimilarto ourwork in this class
isthatof Berg etal. [2], whichusesalandmarkbasednodel
thatis registeredto images.Two importantdifferencede-
tweentheir approactandoursareworth noting. First, they
usealargersetof imagedor training(3 timesasmary) and
storeall of themasexemplarsinsteadof creatinga uni ed
probabilisticmodel. Thus,they never attemptto explicitly
modelthe shapeof an objectbut ratherto matchtemplates
to images.Secondandmoreimportantly they usea larger
numberof landmarkswith featuresthat cover a large por-
tion of theimage. As aresult,their work leveragegyeneral
imagestatisticsmore than object-speci cstatistics,allow-
ing themto exploit informationaboutthe backgroundsim-
ilarly to thediscriminatve methodsliscusse@bove.

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

Our work can be extendedin several directions. Most
obviously, our modelcurrentlyassumeshatthe objectis in
a x edposeandscale.We hopeto avoid theseassumptions
by introducinga searchover objectposeandscale.We also
hopeto incorporatea more effective appearancenodelby
learning rst on cartoonimagesfollowedby anappearance
learningstageusingrealimages.More broadly, inspiredby
the exemplarbasedapproachof 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 naturally modeledin 3D (e.g.,asin Anguelos et
al. [1]), andhopeto extendour approchto allow registra-
tion of 2D imagesto e xible 3D shapanodels.
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