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Abstract

Thispaperproposesan approach for objectclasslocal-
ization which goesbeyondboundingboxes,as it also de-
terminesthe outline of the object. Unlike mostcurrent lo-
calizationmethods,our approach doesnot require anyhy-
pothesisparameterspaceto bede�ned. Instead,it directly
generates,evaluatesand clusters shapemasks. Thus,the
presentedframeworkproducesmore informativeresultsfor
objectclasslocalization. For example, it easilylearnsand
detectspossibleobjectviewpointsandarticulations,which
areoftenwell characterizedbytheobjectoutline. Weevalu-
atetheproposedapproach onthechallengingnatural-scene
Graz-02objectclassesdataset.Theresultsdemonstratethe
extendedlocalizationcapabilitiesof our method.

1. Intr oduction

Objectcategory localizationis oneof themostcomplex
tasksin computervision. Solvingthe localizationproblem
requiresnotonly detectinganobject1, but alsodetermining
thepreciselocationof theobjectin animage.

The criteria of measuringlocalization accuracy have
evolvedover time. Agarwal andRoth[1] evaluatedthecen-
ter point of an objectandclassi�ed localizationascorrect
when the marked point was in the closeneighborhoodof
the real centerof the object. During the PASCAL Visual
ObjectClasseschallenge[3] the participantshadto return
boundingboxesfor theobjects.Eventhoughlocalizationis
todaycommonlymeasuredwith aboundingbox,webelieve
that modernlocalizationmethodsshouldgo even further,
e.g.,returnsomeadditionalinformationaboutobjectpose
(viewpoint,articulation),aspect(sub-type)or evenstateand
properties. This can, to someextent, be achieved by re-
turning the objectoutline. Given theoutlineof theobject,
one may for exampledeterminethe direction in which a
bike is heading,distinguishbetweena sedanand a mini-
vanor decidewhethera personis fat or thin. And indeed,
a few methodswhich performinterleaved objectdetection
and segmentationhave beendevelopedrecently—seefor

1Sometimesthe word detectionis usedin the literatureasa synonym
for localization. We considerdetectionto beanimageclassi�cationtask,
wherethepresenceor absenceof anobjectin animageis determined.

examplethe work of Leibe and Schiele[7] and of Opelt
andPinz[5]. Thosemethods,however, attackthesegmen-
tationproblemafterthedecisionabouttheobjectlocationis
alreadymade.And sincetheauthorssolve the localization
problemby voting in thegeneralizedHoughspace,they are
limited to parametrizedhypotheses.Thus, the richnessof
informationpresentin the objectsegmentationcannot be
fully exploited in the context of the localizationproblem.
In contrast,we utilize objectshapemasksat eachstageof
our localizationframework.

We would like to underlinea signi�cant differencein
our objectclasslocalizationapproachcomparedto the re-
centobjectclasssegmentationapproaches,like theonesof
Winn andJojic [25], Todorovic andAhuja [23] or Russell
et al. [18]. We performobjectlocalizationinsteadof scene
segmentation. Our goal is to localize separateobject in-
stanceswithin a testimage,handlingocclusionsandstrong
backgroundclutter. Our methoddoesnot useany segmen-
tation or edgeinformation of a test image and therefore
we expectto getonly approximateshapesfor the localized
objects—shapesthatrevealadditionalobjectpropertiesand
donotsegmentoutthevisibleobjectparts.Pixel-levelaccu-
ratesegmentation,however, shouldbeeasieraftertheobject
localizationproblemthatweaddressin thispaperis solved.

It was shown that local image featurescan generate
goodobjectlocationhypotheses2 even in heavily cluttered
andoccludedscenes[10]. However, asmentionedearlier,
theevidenceis usuallycollectedin thegeneralizedHough
space,whichassumesthatthedescriptionof objectlocation
is parametrized—theHoughspacecannotdealdirectlywith
arbitraryshapesdueto their highdimensionality. This gen-
eratesa few problemswith the otherwisevery successful
Implicit ShapeModel of LeibeandSchiele[7]. Firstly, the
low dimensionalityof the hypothesescausesthe �nal an-
swersto revealproblemswith globalconsistency. This was
addressedby Leibe et al. [8], but only in form of a post-
processingstepappendedto theoriginal ISM. Weapproach
this problemdirectly by usingthe high-dimensionalshape
masksashypotheses.Suchhypothesescanbe considered

2Weusethetermhypothesisfor aninitial estimationof objectlocation,
whichcanbethenevaluatedandprocessed.The�nal localizationdecision
canresultfrom a setof hypotheses.
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(a)bikes (b) cars (c) people
Figure1. SampleGraz-02images.Notethehigh intra-classvariations,signi�cant amountof backgroundclutteranddif�cult occlusions.

similar only if theobjectoutlinesareglobally similar. Sec-
ondly, the low dimensionalityof the hypothesesmakes it
dif�cult to dealwith multiple objectviewpointsandartic-
ulations. This wasaddressedby Seemannet al. [20], but
asaspectparametrizationis dif�cult in a generalcase,the
proposedsolutionwaslimited to aspectclusteringandtreat-
ing eachaspectseparately. This, however, prohibitsaspect
combinationduring recognition. A possiblesolution to a
similar problemwasat thesametime proposedby Thomas
et al. [22], but �nding themultiview tracksthatlink single-
view detectorsrequiresa specialtraining procedurewith
over 10 viewpointsof eachtraining object. We implicitly
dealwith multiple viewpointsandarticulations.Objectas-
pectsaredetectedduring trainingandthesimilar onescan
becombinedduringrecognition.

Shapemaskscastby local featureshave recentlybeen
usedby MarszalekandSchmid[12] to improve imageclas-
si�cation results.However, theapproximatesegmentations
computedby their spatialweighting procedurecannotbe
usedfor localization,asthe methoddoesnot allow to dis-
tinguish betweenseparateobject instances.Therefore,in
this paperwe proposeanonlineshapemasksclusteringal-
gorithm that allows to collect evidenceaboutpossibleob-
jectlocationsandoutlines,resultingin preciselocalizations.
Moreover, we show that the sameclusteringprinciple can
beusedto clustertheoutlinesof the trainingobjects.This
allows to detectpossibleobjectaspects.

Fritz et al. [4] have recentlyshown that combiningthe
power of generative modelingwith a discriminative classi-
�er allows to obtaingoodresultsfor objectcategory local-
ization. They extendthe Implicit ShapeModel mentioned
earlierby appendingaSupportVectorMachineclassi�er to
its output. In our framework, however, we proposeto eval-
uatethehypotheses(shapemaskscastusinglocal features)
beforethe evidencecollectionstep. This allows to easily
dealwith falsehypothesescausedby local ambiguitiesand
makesthesearchfor maximain thehypothesisspaceeasier.

In thispaperweproposea localizationframework based
on object shapemasks. We show that it is bene�cial to
avoid reducingthe localizationhypothesesto parametrized
shapeslike boundingboxes. By employing shapemasks
ashypothesesonecanenrichthe localizationanswers,im-
plicitly handlethe global consistency issuesand address
multiple object aspects. Moreover, we proposeto evalu-
atethe localizationhypothesescastin a generative manner
usingadiscriminativeclassi�er. Thisallows to cleanupthe

hypothesis-spacebeforethesearchfor maxima.
The localization task is especiallychallengingin the

presenceof posechanges,intra-classvariation, occlusion
andbackgroundclutter. As moreandmoremethodsreach
high precisionand recall on relatively uniform datasets,
for exampleimagesfrom thecow videosequences[16], it
is importantto considerdif�cult natural-sceneconditions,
whereobjectsin variousposesaresurroundedby acomplex
environment.We choosetheGraz-02[14] datasetto evalu-
ateour framework, asit containsnaturalreal-world images
with signi�cant amountof intra-classvariations,occlusions
andbackgroundclutter(cf. �g. 1).

The paperis organizedasfollows. In section2 we in-
troducesomebackgroundmaterial,which allows us to de-
scribethetrainingandrecognitionproceduresof our frame-
work in section3. In subsection3.1 we describethe train-
ing procedurefocusingon the multi-aspectfeatureof our
method,and in subsection3.2 we explain the recognition
procedureincluding the detailsof our online shapemasks
clusteringmethod. In section4 we evaluateour approach
on Graz-02and compareto the state-of-the-art.We con-
cludethepaperin section5.

2. Background material

We �rst introducein subsection2.1 thesparselocal fea-
turesandexplainhow to usethefeatureparametersto align
theshapemasks.We thende�ne a shapemaskof anobject
anda similarity measurefor thesemasksin subsection2.2.
Finally, we describein subsection2.3, how to constructa
classi�er that evaluatesthe con�denceof a shapemaskto
lie onanobject.

2.1.Sparselocal featuresand alignment

Given an image,we usethe Harris-Laplace[13] or the
Laplacianinterestpoint detector[9] to �nd a sparseset
of salient imagefeatures. In our experimentsthe Harris-
Laplacedetectorusuallyproducescomparableresultswith
a lowernumberof detections,thusit is ourpreferredchoice
for ef�ciency reasons. However, for small images,like
theonesin Shotton's horsesdataset,we choosetheLapla-
cian detectorthat detectsenoughinterestpoints for our
methodto work. Bothdetectorsareinvariantto scaletrans-
formations,they outputcircular regionsat a characteristic
scale.It is alsopossibleto achieve rotationor af�ne invari-
ance[6, 11]. Note,however, that it is unreasonableto use



moreinvariancethanrequiredfor a givendataset[26]. For
mostnaturalobjectdatasetsthe vertical direction is well
de�ned and,therefore,the orientationof the featurescon-
tainsvaluableinformation. Thus,even thoughour frame-
work supportsaf�nely adaptedfeatures,in ourexperiments
weuseonly thescale-invariantversionof thedetectors.

To computeappearance-baseddescriptorsonthepatches
obtainedby thedetectors,weemploy theSIFT[11] descrip-
tor. It computesa gradientorientationhistogramwithin the
normalizedsupportregion determinedby the detectorand
producesa128-dimensionalfeaturevectorfor eachregion.

Recti�cation parameterscomplementthe invariantlocal
descriptionof an interestpoint. For example,if a local re-
gion descriptionis invariant to scaletransformations,the
recti�cation parametershave to include the scaleto com-
pensatefor thisinvariance.Precisely, if adescriptiond of an
local imageregion i is invariantto a transformationT(i; � )
with parameters� , thenfor eachlocal imageregion j the
parametersof this transformation� j 2 D � (T) areincluded
in its recti�cation � j 2 � . Precisely,

� = � T 2T Dp(T); T =
�

T : 8�; i d(i ) = d(T(i; � ))
	

(1)
where� is a cartesianproductandD � (T) is a domainof
transformationparameters.

In our framework the descriptoris madeinvariant to a
chosensetof af�ne transformationsby normalizingthe lo-
cal imageregion beforecomputingthedescription.There-
fore, therecti�cation matrix � i transformingthe imageco-
ordinatesto the normalizedpatchcoordinates[17] canbe
usedto encodethe recti�cation parametersof a featurei .
Givena matchbetweenfeaturesi andj , we canprojectthe
maskassociatedwith featurei to thereferenceframeof fea-
turej (wecall thismaskalignment) by composingtheshape
maskwith thetransformationmatrixPij computedas

Pij = � � 1
i � j (2)

2.2.Shapemasks

TheshapemaskS : R 2 ! R is a naturalgeneralization
of thediscretebinarysegmentationmaskSb : Z2 ! f 0; 1g.
To measuretheshapemasksimilarity weadaptacommonly
usedoverlapareameasurede�ned as the ratio of overlap
areato the union area. For binary masksQb and Rb the
overlapareameasurecanbewrittenas

ob(Qb; Rb) =
jQ1

b \ R1
b j

jQ1
b [ R1

b j
=

P
min(Qb; Rb)

P
max(Qb; Rb)

(3)

whereQ1
b resp.R1

b denotesthelevel setof maskQb resp.Rb

at 1, min(Qb; Qr )(x; y) = min(Qb(x; y); Qr (x; y)) and
the sumis taken over the whole domain. Thus,we de�ne
theoverlapbasedsimilarity measureos for shapemasksQ
andR as

os(Q; R) =

R
min(Q; R)

R
max(Q; R)

(4)

Note,thatthis similarity measurewill return1 for identical
shapemasksand0 for non-overlappingones.

A straightforwardimplementationof thesimilarity mea-
suregiven in eq. (4) leadsto very inef�cient code. Note,
however, thatit canberewrittenas

os(Q; R) =
CR

Q +
R

R � C
; C =

Z
min(Q; R) (5)

Sumsof all maskpixels canbe cachedandC needsto be
computedonly on the intersectionof the supportsof the
shapemasks.Thismakesthecomputationveryef�cient.

Finally, we needto computea similarity measureof be-
tweentwo shapemasks� i and� j associatedwith featuresi
andj afteraligningthem.Wede�ne it as

of (i; j ) = os(� i � Pij ; � j ) = os(� i ; � j � Pj i ) (6)

whereos is de�ned by eq.(4) andPij (Pj i ) by eq.(2). We
call suchsimilaritymeasurebetweentwo featuresafeatured
shapemasksimilarity.

2.3.SVM with � 2 kernel

To evaluatetheshapemaskswe usea bag-of-keypoints
representationand a non-linearSupportVector Machine
(SVM) with � 2 kernel[26].

Givenavisualvocabulary [24], wecanrepresenttheap-
pearanceof theimagepartcoveredwith theshapemaskas
a histogramof vocabulary words occurrences.Eachhis-
togramentry hij 2 H i is the proportionof all imagefea-
turescoveredby theshapemaski andassignedto a vocab-
ulary word j to thetotal numberof featurescoveredby the
shapemask. Sucha histogramcan be computedfor any
shapemaskandis thenpassedto theSVM classi�er [19].

The classi�er is trainedto distinguishbetweenobjects
andbackground.Weusethetrainingshapemaskscovering
the objectsasthe positive setandthe imageareaswith no
objectsasthe negative one. After the classi�er is trained,
any shapemaskcanbeevaluated.

WeuseanextendedGaussiankernel[2]:

K (H i ; H j ) = e� 1
A D (H i ;H j ) (7)

whereH i = f hin g andH j = f hj n g arethehistogramsand
D(H i ; H j ) is the� 2 distancede�ned as

D(H i ; H j ) =
1
2

VX

n =1

(hin � hj n )2

hin + hj n
(8)

whereV is the vocabulary size. The parameterA is the
meanvalueof thedistancesbetweenall trainingsamples.

3. ShapeMasks framework

3.1.Training

Theoverview of thetrainingprocedureis givenin �g. 2,
thedetailsof eachstepfollow. Two mainblocksof theag-



glomerative aspectclustering,i.e., computationof the as-
pectsimilaritiesandmergeof thetwo mostsimilaraspects,
areperformediteratively until nomoremergesarepossible.
Compute sparselocal features. First, sparselocal fea-
turesarecomputedover all trainingimagesasdescribedin
subsection2.1.Thedescriptorsareclusteredusingk-means
with k = 1000; clustercentersform a visual vocabulary.
Givenobjectsegmentations,we discardthefeatureswhich
do not lie on any object. For the remainingfeatureswe
keepthe pointer to the shapemaskcreatedfrom the rele-
vantobjectsegmentation.For eachfeaturewe alsokeepits
recti�cation parameters.
Compute feature similarities. We assumethat two as-
pectsare similar if they result in globally similar object
shapeandarealsosupportedby similar local featuresap-
pearingon theobjectat approximatelythesamelocations.
Thus,for eachfeaturecluster(visualvocabulary word) we
considerall featurepairs and computethe featuredshape
mask similarity as de�ned by eq. (6). Thresholdingthe
similarity measureat T = 0:85 allows us to �nd visually
matching(belongingto one featurecluster) featurepairs
thatwouldcastsimilar (asde�ned by eq.(4)) shapemasks.
Vote for shapemask pairs. Eachpair of matchingfea-
turesdeterminedin the previous stepcastsa vote for the
aspectpair they support (point to). The pair of shape
maskswith thehighestnumberof votesis consideredfor the
merge. This assuresthattheaspectsresultin similar object
outlines(above thethresholdT) andtheaspectswith many
matchedfeatures(similar appearance)aremerged�rst. If
thereareno moremerge candidatesleft, the iterative part
endsandsingletonsareprunedin thenext step.

Figure2. Overview of thetrainingprocedure.Themainoperation
blocksareexecutediteratively.

Find the best merge geometry. To merge two shape
maskswe �rst determinea geometricaltransformationbe-
tweenthem. We choosethe transformationde�ned by the
featurepairwith thehighestfeaturedshapemasksimilarity.
This assuresgoodoverlapof both shapemasks(high sim-
ilarity of the alignedshapemasks)and features(they get
alignedaccordingto thewell matchedfeaturepair).
Merge the shapemasks. After the transformationis de-
termined,the commonreferenceframe is establishedby
the featurewith a higherscaleparameter(in practicalim-
plementationthis assuresthe bestmaskresolution). The
othershapemaskis transformedaccordingto eq.(2). The
sametransformationis appliedto featuresassociatedwith
the transformedshapemask. The weightedaverageof the
registeredshapemasksis computedandfeaturespointingto
themasksbeingmergedareassociatedwith thenew mask.
Thefeaturedshapemasksimilaritiesaffectedby themerge
arerecomputedbeforecontinuing.
Merge similar features. To reducethe numberof con-
sideredfeatureswe merge the featuresthat areredundant.
After theshapemaskmerging stepwe expectto encounter
many similar featuresappearingat approximatelythesame
location.Thus,it is desirableto computetheweightedaver-
ageof featuresthatarevisually similar (belongto onefea-
turecluster),point to thesameshapemaskandwould cast
similar shapemasks,i.e., their featuredshapesimilarity is
above thethresholdT. Thelastconditionassures,thatalso
therecti�cation parametersof themergedfeaturesaresimi-
lar, i.e., thatwedonotmerge,e.g.,front andbackwheelsof
a car. Thefeaturedshapemasksimilaritiesfor mergedfea-
tureshave to be recomputedbeforelaunchinga new clus-
teringiteration.
Prune the singletons. As ourexperimentsshow, it canbe
bene�cial to prunethesingletrainingshapemasksthatare
not mergedwith any othershapemaskduring theagglom-
erativeshapemaskclusteringprocedure.
Train the SVM. A SupportVectorMachineis trainedto
evaluatethehypothesesasdescribedin subsection2.3. We
train a binary SVM classi�er for eachobjectcategory. In
theory, a separateSVM couldbetrainedfor eachobjectas-
pect,whichcouldbebene�cial. Ourexperiments,however,
have shown that,probablydueto a resultingsmallnumber
of trainingexamplesperaspect,this canbeinferior in situ-
ationswherea limited amountof trainingdatais available.

3.2.Recognition

The overview of the recognitionprocedureis given in
�g. 4, thedetailsof eachsteparegivenbelow.
Computesparselocal features. Givena testimage,a set
of sparselocal featuresis computedas describedin sub-
section2.1. The featurespaceis thenquantizedusingthe
vocabulary createdduring training, i.e., eachfeatureis as-
signedto thenearestvocabularyword.



(a)Hypothesisevaluation (b) Evidencecollection

Figure3. Main pointsof our framework. (a) Ambiguitiesintroducedby local featuresmaygeneratefalsehypotheses(left). Hypothesis
evaluationhelpsto avoid themin our framework (right). (b) Occlusionweakensthediscriminative classi�er responseandtheobjectmay
bemissed(left). This is reducedin our framework by collectingthelocalevidenceprovidedby agreeingfeatures(right).

Cast hypotheses. The hypothesesare generatedby in-
vestigating all test imagefeaturesin arbitrary order. For
eachtest featurewe considerall similar training features,
i.e., the training featuresassignedto the samevocabulary
word. Eachtraining featurepoints to a shapemask. The
recti�cation parametersof a trainingfeatureanda testfea-
turedeterminethealignment,asshown in eq.(2). Thus,we
canprojectthetrainingshapemasksinto thetestimageand
thereforecastthe initial hypothesesaboutpossibleobject
location.
Evaluate hypotheses. Thehypothesesareevaluatedwith
a SVM classi�er asdescribedin subsection2.3. Only the
hypothesesfor which a positive con�dencemeasureis re-
turnedarekept.Thecon�dencemeasureis storedwith each
hypothesis.Performingtheevaluationstepimmediatelyaf-
terthehypothesisis castallowsto easilydealwith theambi-
guitiesintrinsicto local featuresbeforethey couldin�uence
the hypothesis-spaceclustering,seeleft part of �g. 3. It
alsocleansupthehypothesis-spacefrom wronghypotheses
causedby backgroundclutter.
Cluster hypotheses. After the hypothesesareevaluated,
we could look for thestrongestonesandconsiderthemas
localizationdecisions. We use,however, a discriminative
classi�er, which is relatively sensitive to occlusions.Thus,
combiningits outputwith thegenerativeevidenceprovided
by localfeaturesshouldbebene�cial,seeright partof �g. 3.
To collect the evidencefrom multiple hypotheseswe per-
form onlineagglomerativehypothesisclustering.

It is computationallyprohibitive to storeall generated
shapemasksin memory. To overcomethisproblem,weuse
an online approach. We pipe the hypothesesthroughthe

Figure4. Overview of therecognitionprocedure.Themainoper-
ationblock is executedin apipeto reducememoryrequirements.

systemasthey aregeneratedandwe keepa limited num-
ber of themin memoryat the sametime. The numberof
hypothesesis reducedduring the clusteringstepby merg-
ing similar shapemasksanddroppingnon-promisingones.
At this point of the algorithmeachhypothesisconsistsof
two elements—ashapemaskandanassociatedcon�dence
value,computedby theSVM in thepreviousstep.We can
measurethesimilarity betweentwo shapemasksasde�ned
by eq.(4). Whenthenumberof collectedshapemasksex-
ceedsthelimit of L = 100elements,thepairof hypotheses
with themostsimilar masksis consideredfor merge. If the
similarity is above the merge thresholdU = 0:7 the hy-
pothesesare merged. Otherwise,the hypothesiswith the
lowestcon�dencevalueis foundanddropped.

When two hypothesesare merged, a combinedshape
mask needsto be computed. At eachpoint, the result-
ing shapemaskis theaverageof themasksbeingmerged,
weightedby thecon�dencevaluesassociatedwith eachof
thetwo mask.Thecon�denceof theresultinghypothesisis
thesumof thecon�dencevaluesof thecombinedhypothe-
ses. Thus,the merge of shapemasksQ andR associated
with con�dencevalues� Q and� R canbeexpressedas

S =
� Q

� Q + � R
� Q +

� R

� Q + � R
� R � S = � Q + � R (9)

whereS is theresultingshapemaskand� S its con�dence.
After all hypothesesare generated,evaluatedand col-

lected,theagglomerativeclusteringcontinuesuntil nomore
hypothesescanbemerged,i.e., all the remaininghypothe-
sispairshavetheshapemasksimilaritybelow thethreshold.
Theremaininghypothesesarethenpassedto thenext step.
Filter decisions. Finally, the decisionsare�ltered to re-
ducethe numberof falsepositives. We have implemented
a simpleapproachfor situationswhereno signi�cant self-
occlusionof objectsis expected. We reducesigni�cantly
overlappingdecisionsto theonewith thehighestcon�dence
value.Thisallowsusto avoid falsepositivesresultingfrom
subsequentdetectionsof analreadydetectedobject.

4. Experimental results

In subsections4.1 and4.2 we evaluateour approachon
theGraz-02dataset.A comparisonwith thestate-of-theart
ontheWeizmannhorsedataset[21] is thenpresentedin 4.3.



objectclass cars people bicycles
nohypothesisevaluation 40.4% 28.4% 46.6%
noevidencecollection 50.3% 40.3% 48.9%
our full framework 53.8% 44.1% 61.8%

Table1.Pixel-basedRPCEERmeasuringtheimpactof hypothesis
evaluationandevidencecollection.

4.1.Evaluation of the recognitioncomponents

In this sectionwe evaluateour recognitioncomponents
ontheGraz-02datasetusingtheoriginalground-truthanno-
tation.Theseannotationsdonotgivetheoutlinefor individ-
ualobjects,but only thesegmentationmaskfor eachimage,
i.e., it is impossibleto know how many objectsarepresent.
Clusteringshapemasksrequiresobjectspeci�c annotations
and will thereforenot be usedin this section. Here, we
approximatethe objectshapemaskwith the segmentation
maskof theentireimage.

We run our framework on all threeobjectclasses:bikes,
cars andpeople(cf. �g. 1). For eachclasswe usethe �rst
150 odd-numberedimagesfor training and the �rst 150
even-numberedimagesfor testing,i.e., we follow the ex-
perimentalsetupde�ned by Opelt andPinz [15]. To eval-
uatethe results,we usepixel-basedrecallprecisioncurves
(RPCs).Basedon theground-truthsegmentationmapswe
counta pixel belongingto anobjectasa truepositivewhen
it is detectedandasa falsenegative otherwise.Thepixels
incorrectlydetectedasobjectpixelsarefalsepositives.

Table1 shows the equalerror rates3 of the recall preci-
sion curves for eachof the classes.We compareour full
recognitionsystemwith image-basedshapemasksto two
modi�ed versions.“No hypothesisevaluation”doesnotuse
the hypothesisevaluationstepandassumesthe samecon-
�dence for eachhypothesiscastby the local features.“No
evidencecollection”doesnotcollecttheevidenceprovided
by thefeatures,but selectsthehypotheseswith thehighest
classi�er responseinstead.For eachclasstheperformance
of our combinedframework is signi�cantly betterthanthe
performanceof theapproacheswherethehypothesisevalu-
ationor evidencemerging aremissing. This con�rms that
bothelementsarenecessaryin orderto performpreciseob-
jectclasslocalizationandprovesthatour framework is able
to combinethem. Note that evidencecollectionis crucial
for bicycles,asthediscriminative classi�er maygeteasily
distractedby thebackgroundsurroundingthin bicycleparts.

4.2.Aspectclustering

Clusteringshapemasksrequiresadditionalannotations
of the Graz-02datasetasstatedabove. We have therefore
extendedthe annotationsby separatingthe available per-
image annotationsinto per-object segmentations. More-

3Precisely, thepoint wheretherecall is equalto theprecisionis called
breakevenpoint. For consistency with theliteraturewedenoteit asEER.

Figure5.Severalcaraspectsdetectedby agglomerativeclustering.

over, eachobjecthasbeenmarked astruncatedby an im-
ageborderor dif�cult to recognizeif appropriate.The im-
agesweredivided into equallylarge training andtestsets.
For training, imagescontainingat leastonenon-truncated
object were randomlydrawn. The remainingimageson
which all theappearingobjectscouldbemarkedby thean-
notatorsde�ne thetestset.4 Theimprovedannotationsand
the trainingandtestimagenumbersareavailableonlineat
http://lear.inrialpes.fr/data

Figure 5 shows fragmentsof the agglomerative aspect
clusteringtreescomputedduring training for the cars. We
have chosen3 aspectclusters from the 6 largest ones
(grouping17+ objects). Next to the shapemaskresulting
from the clusteringwe presentthe earliestmerged (thus
most similar) training objectsthat initialized eachof the
clusters.We canseethat the detectedaspectsreveal more
than just the viewpoint at which the object is observed.
When the object outline is signi�cant, different car types
(like sedansandminivans)areclusteredtogetherandform
separateaspects.Also 2 samplesingletons(from the total
numberof 72) areshown. Zoomingin, we canseethat the
singletonsaretrueoutliers.

The in�uence of aspectclusteringon recognitionaccu-
racy for carsis presentedin �g. 6. We usetheshapemask
overlapsimilarity (cf. eq.(4))with threshold0.3asthecrite-
rion for correctlocalizationanddisplayrecallasa function
of falsepositivesper image. We canobserve a slight im-

4Due to imagecontentrequirementsmentionedabove someimages
were not usedat all, but at the sametime we have annotatedand used
someimagesthat werenot usedin the original setup. Thereare354 car
images,280peopleimagesand324bike imagesin total.
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Figure6. Recognitionratefor carsgivenasrecall in a functionof
FPperimage.Wecanobserve theimpactof aspectclustering.

provementin theaccuracy dueto aspectclusteringitself and
further improvementdue to singletonspruningperformed
after the clustering. Aspectclusteringdoesnot only im-
prove the recognitionspeedandmemoryrequirements(as
therearelessfeaturesandshapemasksto bekeptandcon-
sideredduring recognition),but alsothe localizationaccu-
racy. Furthermore,it opensthepossibilityof annotatingthe
aspectswith poseor sub-typesinformation.

For peopleandbicycles,dueto a large numberof pos-
sible variationsin articulationsandposes,the training im-
agesare not suf�cient to determinegood clusters,which
eitherhave low supportor becomeblurred(if we lower the
thresholdT for mergingshapes).Still, with singletonprun-
ing turnedoff, we canperformsuccessfullocalization.For
people,the recall is 43%for 5 FPs/image.Thenumberof
falsepositivesmay appearhigh. Note, however, that peo-
pleareoftensmall,closeto eachotherandoccluded.It may
alsobedif�cult to matchthecorrectarticulationandashape
mismatchcanresultin a falsepositive. For bicycles,with a
localizationaccuracy criterionof 0.2, the recall is 59%for
2 FPs/image.Wehadto lower thecriteriondueto thetrans-
parentstructureof a bike that lowers the overlapmeasure
evenfor asmallmisalignmentof themask.

Figure 7 shows sample detectionson the Graz-02
dataset.It demonstratesthatour methodis ableto success-
fully localizeobject instances,even underdif�cult condi-
tionsof backgroundclutterandocclusion.We canobserve
thatthecomputedmasksgive informationabouttheposeof

Shotton[21] 92.1%
Our framework (T = 0:85, with singletons) 94.6%

Our framework (T = 0:7, nosingletons) 94.6%

Table2. RPCEERfor Weizmannhorsedataset.

Figure8.ResultsonWeizmannhorsesdataset.Notethattheshape
masksarevery accurate:thehorsearticulationsarevisible.

the object. Note that in the caseof the imageswith more
thanoneobject, the subsequentobjectsare localizedwith
subsequenthypotheses(third row, �rst four images).Note
that third hypothesishasa very low score(4.9) and can
thereforebediscarded.It is interestingto observe that it is
probablydueto thesmallcarpartin thebottomleft corner.

4.3.Comparison to the state­of­the­art

To compareour methodto the state-of-the-artwe eval-
uateour framework on the Weizmannhorsedataset. We
closelyfollow thesetupof Shottonet al. [21]—we usethe
�rst 50 imagesof horsesandthecorrespondingobjectseg-
mentationplusthe�rst 50 backgroundimagesfor training.
Thenext 277imagesfrom eachsetareusedfor testing.We
also usethe samecriterion for localizationaccuracy—we
determinethecentroidof thecomputedsegmentationmask
andcomputethedistanceto thecentroidin theground-truth.
If thedistanceis lessthan25pixels,thelocalizationis con-
sideredto be correct. Note that we follow their protocol
strictly by usingtheirscale-normalizedimages,andrunning
oursystematasinglescale.

Table2 comparesour resultsto Shottonet al. [21]. We
canobserve that our approachimproves the performance.
Our resultsare reportedfor a training procedurewithout
singletonpruningandthestandardshapemergingthreshold
T = 0:85 aswell asfor a lower shapemerging threshold
with singletonpruning. If we do not lower the threshold,
too few aspectclustersareformeddueto thelargenumber
of horsesarticulations,i.e., mostof the aspectsaresingle-
tons.Figure8 showsafew exampleresults.Wecanobserve
thattheshapesof thehorsesaredetectedveryaccuratelyin
thetestimages.Wecanevenjudgefrom thedetectedshape
masksif thehorseis standingor running.

5. Summary

In this paperwe have proposedan object localization
framework that usesshapemasksaslocalizationhypothe-
ses. We have demonstratedthat this enrichesthe localiza-
tion decisionsby revealingadditionalinformationaboutob-
ject viewpoint, articulation,sub-typeor state.At thesame



Con�dence: 1103.1 561.8 4.9

Figure7. ResultsonGraz-02dataset.Notethepreciseobjectshapeestimationsdespiteocclusionsandbackgroundclutter. Multiple object
instancesaredetectedwith subsequenthypothesesasis shown in thebottomrow (4 left mostcolumns).

time, the experimentalresultsshow that the standardlo-
calizationperformanceof themethodis comparableto the
state-of-the-art.Our methodperformswell on naturalim-
ages,robustly handlingmultiple objectaspects,signi�cant
intra-classvariations,occlusionsandbackgroundclutter.

Wehavealsosuccessfullycombinedtheclusteringof the
generatedhypotheseswith adiscriminativehypothesisclas-
si�er, showing that both elementsare necessaryfor good
localizationaccuracy.

Futureresearchcouldfocuson improving thegenerated
hypothesesby using edgesor imagesegmentations. We
think that given a goodobject localizationhypothesis,the
objectsegmentationtaskshouldbe lessdif�cult andgood
segmentationaccuracy easierto achieve. Furthermore,we
will explore the possibility of detectingposeor sub-types
by annotatingtheaspects.
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