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Abstract

This paperproposesan approac for objectclasslocal-
ization which goesbeyond boundingboxes,as it also de-
terminesthe outline of the object. Unlike mostcurrentlo-
calizationmethodspur apptoad doesnot require any hy-
pothesigparameterspaceto be de ned. Instead,it directly
geneates, evaluatesand clustes shapemasks. Thus,the
presentedramavork producesnore informativeresultsfor
objectclasslocalization. For example it easilylearnsand
detectgpossibleobjectviewpointsand articulations,which
are oftenwell characterizedoytheobjectoutline We evalu-
atetheproposedapproad onthechallengingnatural-scene
Graz-020objectclasseglataset.Theresultsdemonstatethe
extendedocalizationcapabilitiesof our method.

1. Intr oduction

Objectcateyory localizationis oneof the mostcomple
tasksin computervision. Solvingthelocalizationproblem
requiresnot only detectinganobject, but alsodetermining
the precisdocationof the objectin animage.

The criteria of measuringlocalization accurag have
evolvedovertime. Agarwal andRoth[1] evaluatedhecen-
ter point of an objectandclassi ed localizationascorrect
whenthe marked point wasin the close neighborhoodbf
the real centerof the object. During the PAscaL Visual
ObjectClasseshalleng€g3] the participantshadto return
boundingboxesfor the objects.Eventhoughlocalizationis
todaycommonlymeasuredvith aboundingoox, we believe
that modernlocalization methodsshould go even further,
e.g.,returnsomeadditionalinformationaboutobjectpose
(viewpoint, articulation),aspec{sub-typer evenstateand
properties. This can, to someextent, be achieved by re-
turning the objectoutline. Giventhe outline of the object,
one may for example determinethe directionin which a
bike is heading,distinguishbetweena sedanand a mini-
van or decidewhethera personis fat or thin. And indeed,
a few methodswhich performinterleared objectdetection
and sggmentationhave beendevelopedrecently—seefor

1Sometimeghe word detectionis usedin the literatureasa synorym
for localization We considerdetectionto be animageclassi cationtask,
wherethe presencer absencef anobjectin animageis determined.

examplethe work of Leibe and Schiele[7] and of Opelt
andPinz[5]. Thosemethodshowever, attackthe sgmen-
tationproblemafterthedecisionabouttheobjectlocationis
alreadymade. And sincethe authorssolve the localization
problemby voting in thegeneralizedHoughspacethey are
limited to parametrizedypotheses.Thus, the richnessof
information presentin the objectsegmentationcannot be
fully exploitedin the contet of the localizationproblem.
In contrastwe utilize objectshapemasksat eachstageof
our localizationframework.

We would like to underlinea signi cant differencein
our objectclasslocalizationapproachcomparedo the re-
centobjectclassseggmentatiorapproachedik e the onesof
Winn andJojic [25], Todorovic and Ahuja [23] or Russell
etal. [18]. We performobjectlocalizationinsteadof scene
sgmentation. Our goal is to localize separateobjectin-
stanceswvithin atestimage,handlingocclusionsandstrong
backgroundtlutter Our methoddoesnot useary sggmen-
tation or edgeinformation of a testimage and therefore
we expectto getonly approximateshapedor thelocalized
objects—shapethatrevealadditionalobjectpropertiesand
donotsegmentoutthevisible objectparts.Pixel-level accu-
ratesegmentationhowever, shouldbeeasiemaftertheobject
localizationproblemthatwe addressn this paperis solved.

It was showvn that local image featurescan generate
good objectlocationhypothesed evenin heaily cluttered
andoccludedsceneg10]. However, asmentionedearlie
the evidenceis usuallycollectedin the generalizedHough
spacewhichassumethatthedescriptiorof objectlocation
is parametrized—thkeloughspacecannotdealdirectly with
arbitraryshapeslueto their high dimensionality This gen-
eratesa few problemswith the otherwisevery successful
Implicit ShapeModel of LeibeandSchiele[7]. Firstly, the
low dimensionalityof the hypothesecauseghe nal an-
swersto reveal problemswith globalconsisteng. Thiswas
addressedby Leibe et al. [8], but only in form of a post-
processingtepappendedo the original ISM. We approach
this problemdirectly by usingthe high-dimensionashape
masksas hypotheses.Suchhypothesesan be considered

2We usethetermhypothesigor aninitial estimatiorof objectlocation,
which canbethenevaluatedandprocessedThe nal localizationdecision
canresultfrom a setof hypotheses.



(a) bikes
Figurel. SampleGraz-02images.Notethehigh intra-classvariations signi cant amountof backgroundtlutteranddif cult occlusions.

similar only if the objectoutlinesareglobally similar. Sec-
ondly, the low dimensionalityof the hypothesesnakes it
dif cult to dealwith multiple objectviewpointsand artic-
ulations. This was addressedyy Seemanret al. [20], but
asaspectparametrizations dif cult in a generalcase the
proposedolutionwaslimited to aspectlusteringandtreat-
ing eachaspectseparately This, however, prohibitsaspect
combinationduring recognition. A possiblesolutionto a
similar problemwasat the sametime proposedy Thomas
etal.[22], but nding the multiview tracksthatlink single-
view detectorsrequiresa specialtraining procedurewith
over 10 viewpoints of eachtraining object. We implicitly
dealwith multiple viewpointsandarticulations.Objectas-
pectsaredetectedduring training andthe similar onescan
be combinedduringrecognition.

Shapemaskscastby local featureshave recentlybeen
usedby MarszalekandSchmid[12] to improve imageclas-
si cation results.However, the approximateseggmentations
computedby their spatialweighting procedurecannotbe
usedfor localization,asthe methoddoesnot allow to dis-
tinguish betweenseparateobjectinstances. Therefore,in
this paperwe proposean online shapemasksclusteringal-
gorithm that allows to collect evidenceaboutpossibleob-
jectlocationsandoutlines resultingin precisdocalizations.
Moreover, we shaw that the sameclusteringprinciple can
be usedto clusterthe outlinesof the training objects. This
allows to detectpossibleobjectaspects.

Fritz et al. [4] have recentlyshovn that combiningthe
power of generatie modelingwith a discriminative classi-

er allows to obtaingoodresultsfor objectcatayory local-
ization. They extendthe Implicit ShapeModel mentioned
earlierby appending SupportVectorMachineclassi er to
its output. In our framework, however, we proposeo eval-
uatethe hypothesegshapemaskscastusinglocal features)
beforethe evidencecollection step. This allows to easily
dealwith falsehypothesegausedy local ambiguitiesand
malesthe searctfor maximain thehypothesispacesasier

In this paperwe proposealocalizationframevork based
on object shapemasks. We shav that it is bene cial to
avoid reducingthelocalizationhypothesedo parametrized
shapedike boundingboxes. By employing shapemasks
ashypothese®necanenrichthe localizationanswersjm-
plicitly handlethe global consisteng issuesand address
multiple object aspects. Moreover, we proposeto evalu-
atethelocalizationhypothesegastin a generatre manner
usingadiscriminative classi er. Thisallowsto cleanupthe

(b) cars

(c) people

hypothesis-spackeforethe searchfor maxima.

The localization task is especiallychallengingin the
presenceof posechangesjntra-classvariation, occlusion
andbackgrounctlutter As moreand moremethodsreach
high precisionand recall on relatively uniform datasets,
for exampleimagesfrom the cow video sequence§l6], it
is importantto considerdif cult natural-sceneonditions,
whereobjectsin variousposesaresurroundedby acomple
ervironment.We choosethe Graz-02[14] dataseto evalu-
ateour framework, asit containsnaturalreal-world images
with signi cant amountof intra-classvariations,occlusions
andbackgrounctlutter(cf. g. 1).

The paperis organizedasfollows. In section2 we in-
troducesomebackgroundnaterial,which allows usto de-
scribethetrainingandrecognitionproceduresf ourframe-
work in section3. In subsectior8.1 we describethe train-
ing procedurefocusingon the multi-aspectfeatureof our
method,andin subsectior8.2 we explain the recognition
procedurancluding the detailsof our online shapemasks
clusteringmethod. In section4 we evaluateour approach
on Graz-02and compareto the state-of-the-art.\We con-
cludethe paperin sectionb.

2. Background material

We rst introducein subsectior2.1the sparsdocal fea-
turesandexplain how to usethefeatureparameterso align
the shapemasks.We thende ne a shapemaskof anobject
anda similarity measurdor thesemasksin subsectior?.2.
Finally, we describein subsectior2.3, how to constructa
classi er that evaluatesthe con dence of a shapemaskto
lie onanobject.

2.1.Sparselocal featuresand alignment

Given animage,we usethe Harris-Laplacg13] or the
Laplacianinterestpoint detector[9] to nd a sparseset
of salientimagefeatures. In our experimentsthe Harris-
Laplacedetectorusually producescomparableesultswith
alowernumberof detectionsthusit is our preferredchoice
for efciency reasons. However, for small images,like
the onesin Shottons horsesdatasetwe choosethe Lapla-
cian detectorthat detectsenoughinterestpoints for our
methodto work. Both detectorsareinvariantto scaletrans-
formations,they outputcircular regionsat a characteristic
scale.lt is alsopossibleto achieve rotationor af ne invari-
ance[6, 11]. Note, however, thatit is unreasonabléo use



moreinvariancethanrequiredfor a givendataset[26]. For

most naturalobject datasetsthe vertical directionis well

de ned and, therefore the orientationof the featurescon-
tainsvaluableinformation. Thus, even thoughour frame-
work supportsaf nely adaptedeaturesjn ourexperiments
we useonly the scale-ivariantversionof the detectors.

To computeappearance-base@scriptoronthepatches
obtainedby thedetectorsywe employ the SIFT[11] descrip-
tor. It computesa gradientorientationhistogramwithin the
normalizedsupportregion determinedby the detectorand
produces 128-dimensionafleaturevectorfor eachregion.

Recti cation parametergomplementhe invariantlocal
descriptionof aninterestpoint. For example,if alocal re-
gion descriptionis invariantto scaletransformationsthe
recti cation parameterdave to include the scaleto com-
pensatdor thisinvariance Preciselyif adescriptiord of an
localimageregioni is invariantto atransformation (i; )
with parameters, thenfor eachlocal imageregionj the
parametersf thistransformation; 2 D (T) areincluded

inits recti cation ; 2 . Precisely
= 1ot Dp(T); T= T:8;id(i)=d(T(; ))
1)
where is acartesiarproductandD (T) is a domainof

transformatiorparameters.

In our frameavork the descriptoris madeinvariantto a
chosersetof af ne transformation®y normalizingthe lo-
cal imageregion beforecomputingthe description.There-
fore, therecti cation matrix ; transformingtheimageco-
ordinatesto the normalizedpatchcoordinateqd17] canbe
usedto encodethe recti cation parameter®f a featurei.
Givenamatchbetweerfeatures andj , we canprojectthe
maskassociatedvith featurel to thereferencdrameof fea-
turej (we callthismaskalignmen} by composingheshape
maskwith thetransformatiormatrix P computedas

P = % (2
2.2.Shapemasks
TheshapemaskS : R? ! R is anaturalgeneralization
of thediscretebinarysegmentatioomaskS,, : Z2 ! f0; 1g.
To measurgheshapemasksimilarity we adaptacommonly
usedoverlap areameasurede ned asthe ratio of overlap

areato the union area. For binary masksQp and Ry, the
overlapareameasureanbewrittenas

Al 1; P }
1Qp \ Ryj -p min(Qp; Rp)
jQL [ REj max(Qp; Rp)

whereQ} resp.R} denoteshelevel setof maskQy respRy,

at 1, min(Qp; Qr)(X;y) = min(Qnu(x;y); Qr (x;y)) and
the sumis taken over the whole domain. Thus,we de ne
the overlapbasedsimilarity measures for shapemasksQ

andR as R .
g MN(Q;R)
max(Q; R)

0n(Qb; Rp) = 3

0s(Q;R) = (4)

Note,thatthis similarity measurewill returnl for identical
shapemasksandO for non-overlappingones.

A straightforvardimplementatiorof the similarity mea-
suregivenin eq. (4) leadsto very inef cient code. Note,
however, thatit canberewrittenas

a(QR)=R-—_8_ . c= mnQR) ()

Q+ R C’
Sumsof all maskpixels canbe cachedandC needsto be
computedonly on the intersectionof the supportsof the
shapemasks.This makesthe computatiorvery ef cient.
Finally, we needto computea similarity measurey; be-
tweentwo shapemasks ; and ; associateavith features
andj afteraligningthem.Wede ne it as

o (ij)=0s(i Pj;j)=0s(i;j Pji) (6)
whereos is de ned by eq.(4) andPy (P;i) by eq.(2). We

call suchsimilarity measuréetweenwo featuresafeatued
shapemasksimilarity.

2.3.SVM with 2 kernel

To evaluatethe shapemaskswe usea bag-of-leypoints
representatiorand a non-linear Support Vector Machine
(SVM) with 2 kernel[26].

Givenavisualvocahulary [24], we canrepresentheap-
pearancef theimagepartcoveredwith the shapemaskas
a histogramof vocahulary words occurrences.Each his-
togramentry h;j 2 H; is the proportionof all imagefea-
turescoveredby the shapemaski andassignedo a vocab-
ularywordj to thetotal numberof featurescoveredby the
shapemask. Sucha histogramcan be computedfor ary
shapemaskandis thenpassedo the SVM classi er[19].

The classi er is trainedto distinguishbetweenobjects
andbackgroundWe usethetrainingshapenaskscovering
the objectsasthe positive setandthe imageareaswith no
objectsasthe negative one. After the classi er is trained,
ary shapemaskcanbe evaluated.

We useanextendedGaussiarkernel[2]:

K(Hi;Hj) = e &P )

whereH; = fhj, gandH; = fh;,garethehistogramsand
D(Hi;H;) isthe 2 distancede ned as
oy X (e hig)?
D(Hl,HJ)— En::[W (8)

whereV is the vocahulary size. The parametelA is the
meanvalueof thedistancedetweerall trainingsamples.

3. ShapeMasks framework
3.1.Training

Theoverview of thetrainingprocedurds givenin g. 2,
the detailsof eachstepfollow. Two mainblocksof the ag-



glomeratve aspectclustering,i.e., computationof the as-
pectsimilaritiesandmerge of thetwo mostsimilar aspects,
areperformedteratively until nomoremeigesarepossible.
Compute sparselocal features. First, sparseocal fea-
turesarecomputedover all trainingimagesasdescribedn
subsectior2.1. Thedescriptorareclusteredusingk-means
with k = 100Q clustercentersform a visual vocalulary.
Given objectsegmentationsye discardthe featureswhich
do not lie on ary object. For the remainingfeatureswe
keepthe pointerto the shapemaskcreatedfrom the rele-
vantobjectsegmentation For eachfeaturewe alsokeepits
recti cation parameters.

Compute feature similarities. We assumehat two as-
pectsare similar if they resultin globally similar object
shapeandare also supportecby similar local featuresap-
pearingon the objectat approximatelythe samelocations.
Thus,for eachfeaturecluster(visual vocalulary word) we
considerall featurepairs and computethe featuredshape
mask similarity as de ned by eq. (6). Thresholdingthe
similarity measureat T = 0:85 allows usto nd visually
matching (belongingto one featurecluster) feature pairs
thatwould castsimilar (asde ned by eq.(4)) shapeamasks.
Vote for shapemask pairs. Eachpair of matchingfea-
turesdeterminedn the previous stepcastsa vote for the
aspectpair they support(point to). The pair of shape
masksawith thehighesthumberof votesis consideredor the
meige. This assureshatthe aspectsesultin similar object
outlines(above thethresholdT) andthe aspectsvith mary
matchedfeatures(similar appearancedre meiged rst. If
thereare no more memge candidatedeft, the iterative part
endsandsingletonsareprunedin the next step.

H Compute sparse local features ]

Compute aspect s|milarities

[ Compute feature similarities j [Train SVM]

\/

[ Vote for shape mask pairs ]<

—

Merge the aspectg

[ Find the best merge geometry ]

Merge the shape masks

Merge similar features

Prune the singletons

Figure2. Overview of thetrainingprocedure The mainoperation
blocksareexecutedteratively.

Find the best merge geometry  To memge two shape
maskswe rst determinea geometricakransformatiorbe-
tweenthem. We choosethe transformatiorde ned by the
featurepair with thehighestfeaturedshapenasksimilarity.
This assuregjood overlap of both shapemasks(high sim-
ilarity of the alignedshapemasks)and features(they get
alignedaccordingo thewell matchedeaturepair).
Mergethe shapemasks. After the transformatioris de-
termined, the commonreferenceframe is establishedby
the featurewith a higherscaleparamete(in practicalim-
plementationthis assureghe bestmaskresolution). The
othershapemaskis transformedaccordingto eq. (2). The
sametransformationis appliedto featuresassociatedvith
the transformedshapemask. The weightedaverageof the
registerecshapemaskss computedandfeaturegointingto
the masksbeingmeigedareassociatedavith the nev mask.
Thefeaturedshapemasksimilaritiesaffectedby the meige
arerecomputedeforecontinuing.

Merge similar features. To reducethe numberof con-
sideredfeatureswe meige the featuresthat are redundant.
After the shapemaskmelging stepwe expectto encounter
mary similar featuresappearingat approximatelthe same
location. Thus,it is desirableéo computeheweightedaver-
ageof featureghatarevisually similar (belongto onefea-
ture cluster),point to the sameshapemaskandwould cast
similar shapemasks,i.e., their featuredshapesimilarity is
above thethresholdT . Thelastconditionassuresthatalso
therecti cation parametersf the melgedfeaturesaresimi-
lar, i.e.,thatwe donotmemge, e.g.,front andbackwheelsof
acar. Thefeaturedshapemasksimilaritiesfor meigedfea-
tureshave to be recomputedeforelaunchinga new clus-
teringiteration.

Prune the singletons. As ourexperimentsshaow, it canbe
bene cial to prunethe singletraining shapemasksthatare
not meilgedwith ary othershapemaskduringthe agglom-
erative shapemaskclusteringprocedure.

Train the SVM. A SupportVectorMachineis trainedto
evaluatethe hypothesessdescribedn subsectior?.3. We
train a binary SVM classi er for eachobjectcateyory. In
theory aseparaté&SVM couldbetrainedfor eachobjectas-
pect,which couldbebene cial. Our experimentshowever,
have shavn that, probablydueto a resultingsmallnumber
of trainingexamplesperaspectthis canbeinferior in situ-
ationswherea limited amountof trainingdatais available.

3.2.Recognition

The overview of the recognitionprocedureis given in
g. 4,thedetailsof eachsteparegivenbelaw.
Compute sparselocal features. Givenatestimage,aset
of sparselocal featuresis computedas describedin sub-
section2.1. The featurespaceis thenquantizedusingthe
vocalulary createdduringtraining, i.e., eachfeatureis as-
signedto thenearestocalulary word.
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(a) Hypothesisevaluation

(b) Evidencecollection

Figure 3. Main pointsof our framevork. (a) Ambiguitiesintroducedby local featuresmay generatdalsehypothesegleft). Hypothesis
evaluationhelpsto avoid themin our framework (right). (b) Occlusionwealensthe discriminatve classi er responsendthe objectmay
bemissed(left). Thisis reducedn our framework by collectingthelocal evidenceprovided by agreeingeaturedright).

Cast hypotheses. The hypothesesare generateddy in-
vestigating all testimage featuresin arbitrary order For
eachtestfeaturewe considerall similar training features,
i.e., the training featuresassignedo the samevocalulary
word. Eachtraining featurepointsto a shapemask. The
recti cation parametersf atrainingfeatureandatestfea-
turedeterminghealignmentasshavn in eq.(2). Thus,we
canprojectthetrainingshapemasksnto thetestimageand
thereforecastthe initial hypothesesaboutpossibleobject
location.
Evaluate hypotheses. The hypothesesreevaluatedwith
a SVM classi er asdescribedn subsectior2.3. Only the
hypothesedor which a positive con dencemeasurds re-
turnedarekept. Thecon dencemeasurés storedwith each
hypothesis Performingthe evaluationstepimmediatelyaf-
terthehypothesigs castallowsto easilydealwith theambi-
guitiesintrinsicto localfeatureseforethey couldin uence
the hypothesis-spacelustering,seeleft partof g. 3. It
alsocleansupthehypothesis-spaciom wronghypotheses
causedy backgroundlutter
Cluster hypotheses. After the hypothesesreevaluated,
we could look for the strongesbnesandconsiderthemas
localizationdecisions. We use, however, a discriminatie
classi er, which is relatively sensitve to occlusions.Thus,
combiningits outputwith the generatie evidenceprovided
by localfeatureshouldbebene cial, seeright partof g. 3.
To collectthe evidencefrom multiple hypothesesve per
form onlineagglomeratie hypothesisclustering.

It is computationallyprohibitive to storeall generated
shapemasksin memory To overcomethis problem,we use
an online approach. We pipe the hypotheseghroughthe

.%( Compute sparse local features ]

I
Cast hypotheses
Evaluate hypotheses
Cluster hypotheses

°

Figure4. Overview of therecognitionprocedure The mainoper
ationblockis executedn a pipeto reducememoryrequirements.

systemasthey are generatecandwe keepa limited num-
ber of themin memoryat the sametime. The numberof
hypothesess reducedduring the clusteringstepby meig-
ing similar shapemasksanddroppingnon-promisingones.
At this point of the algorithm eachhypothesisconsistsof
two elements—ahapemaskandanassociate@¢on dence
value,computedby the SVM in the previous step. We can
measurdhe similarity betweerntwo shapenasksasde ned
by eq.(4). Whenthe numberof collectedshapemasksex-
ceedghelimit of L = 100elementsthe pair of hypotheses
with the mostsimilar masksis consideredor mege. If the
similarity is above the mege thresholdU = 0:7 the hy-
pothesesare meiged. Otherwise,the hypothesiswith the
lowestcon dencevalueis foundanddropped.

When two hypothesesare memged, a combinedshape
mask needsto be computed. At eachpoint, the result-
ing shapemaskis the averageof the masksbeingmemged,
weightedby the con dencevaluesassociatedavith eachof
thetwo mask.Thecon denceof theresultinghypothesiss
the sumof the con dencevaluesof the combinedhypothe-
ses. Thus,the meige of shapemasksQ andR associated
with con dencevalues o and r canbeexpresseds

S= @ Q+ R R s =

+ r (9)
Qt R Qt R ©

whereS is theresultingshapemaskand s its con dence.
After all hypothesesare generatedgvaluatedand col-
lected theagglomeratie clusteringcontinuesuntil nomore
hypothesexanbe memged,i.e., all the remaininghypothe-
sispairshave theshapenasksimilarity below thethreshold.
Theremaininghypothesesrethenpassedo the next step.
Filter decisions. Finally, the decisionsare ltered to re-
ducethe numberof falsepositives. We have implemented
a simpleapproachor situationswhereno signi cant self-
occlusionof objectsis expected. We reducesigni cantly
overlappingdecisiongo theonewith thehighestcon dence
value. This allows usto avoid falsepositivesresultingfrom
subsequerdetection®f analreadydetectedbject.

4. Experimental results

In subsectiong.1 and4.2 we evaluateour approacton
the Graz-02datasetA comparisorwith the state-of-theart
ontheWeizmanrhorsedatasef21] is thenpresentedh 4.3.



| objectclass | cars | people] bicycles |

no hypothesisvaluation || 40.4% | 28.4% | 46.6%
no evidencecollection 50.3% | 40.3% | 48.9%
our full framework 53.8% | 44.1% | 61.8%

Tablel. Pixel-basedRPCEERmeasuringheimpactof hypothesis
evaluationandevidencecollection.

4.1.Evaluation of the recognitioncomponents

In this sectionwe evaluateour recognitioncomponents
ontheGraz-02datasetisingtheoriginalground-trutranno-
tation. Theseannotationslo notgive theoutlinefor individ-
ual objects but only thesegmentatiormaskfor eachimage,
i.e.,it isimpossibleto know how mary objectsarepresent.
Clusteringshapanasksrequiresobjectspeci c annotations
and will thereforenot be usedin this section. Here, we
approximatethe objectshapemaskwith the sgmentation
maskof theentireimage.

We run our framework on all threeobjectclassesbikes
cars andpeople(cf. g. 1). For eachclasswe usethe rst
150 odd-numberedmagesfor training and the rst 150
even-numberedmagesfor testing,i.e., we follow the ex-
perimentalsetupde ned by OpeltandPinz[15]. To eval-
uatetheresults,we usepixel-basedecall precisioncurves
(RPCs).Basedon the ground-truthseggmentatiormapswe
counta pixel belongingto anobjectasatrue positive when
it is detectedandasa falsenegative otherwise.The pixels
incorrectlydetectedasobjectpixelsarefalsepositives.

Table 1 shavs the equalerror rates of the recall preci-
sion curves for eachof the classes.We compareour full
recognitionsystemwith image-basedhapemasksto two
modi ed versions."No hypothesisvaluation”doesnotuse
the hypothesisevaluationstepand assumeshe samecon-

dence for eachhypothesiscastby thelocal features.No
evidencecollection” doesnot collectthe evidenceprovided
by the featuresput selectghe hypothesesvith the highest
classi er responsénstead.For eachclassthe performance
of our combinedframeawork is signi cantly betterthanthe
performancef theapproachewherethe hypothesisvalu-
ation or evidencemeiging are missing. This con rms that
bothelementsarenecessarin orderto performpreciseob-
jectclasslocalizationandprovesthatour framework is able
to combinethem. Note that evidencecollectionis crucial
for bicycles,asthe discriminative classi er may geteasily
distractedy thebackgroundurroundinghin bicycle parts.

4.2.Aspectclustering

Clusteringshapemasksrequiresadditionalannotations
of the Graz-02datasets statedabove. We have therefore
extendedthe annotationsby separatinghe available per
image annotationsinto perobject sgmentations. More-

SPreciselythe pointwheretherecallis equalto the precisionis called
breakevenpoint For consisteng with theliteraturewe denoteit asEER.

]

Figure5. Severalcaraspectsletectedy agglomeratie clustering.

over, eachobjecthasbeenmarked astruncatedby anim-
ageborderor dif cult to recognizeif appropriate.Theim-
agesweredivided into equallylarge training andtestsets.
For training, imagescontainingat leastone non-truncated
object were randomlydravn. The remainingimageson
which all theappearingbjectscould be marked by the an-
notatorsde ne thetestset? Theimprovedannotationsnd
thetraining andtestimagenumbersare availableonline at
http://learinrialpes.fr/data

Figure 5 shawvs fragmentsof the agglomeratie aspect
clusteringtreescomputedduring training for the cars. We
have chosen3 aspectclustersfrom the 6 largest ones
(grouping17+ objects). Next to the shapemaskresulting
from the clusteringwe presentthe earliestmeiged (thus
most similar) training objectsthat initialized eachof the
clusters. We canseethatthe detectedaspectgeveal more
than just the viewpoint at which the objectis obsenred.
Whenthe object outline is signi cant, differentcar types
(like sedansaandminivans)areclusteredogetherandform
separateaspects.Also 2 samplesingletong(from the total
numberof 72) areshovn. Zoomingin, we canseethatthe
singletonsaretrue outliers.

The in uence of aspectclusteringon recognitionaccu-
ragy for carsis presentedn g. 6. We usethe shapemask
overlapsimilarity (cf. eq.(4)) with threshold.3asthecrite-
rion for correctlocalizationanddisplayrecallasa function
of falsepositives perimage. We canobsenre a slight im-

4Due to image contentrequirementsnentionedabo/e someimages
were not usedat all, but at the sametime we have annotatedand used
someimagesthat were not usedin the original setup. Thereare 354 car
images280peopleimagesand324bike imagesn total.
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Figure6. Recognitionratefor carsgivenasrecallin afunction of
FPperimage.We canobsenre theimpactof aspectlustering.
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provementin theaccurag dueto aspectlusteringtselfand
further improvementdue to singletonspruning performed
after the clustering. Aspectclusteringdoesnot only im-

prove the recognitionspeedand memoryrequirementgas
therearelessfeaturesandshapemasksto be keptandcon-
sideredduring recognition),but alsothe localizationaccu-
ragy. Furthermoreit openshe possibilityof annotatinghe
aspectwvith poseor sub-typesnformation.

For peopleandbicycles,dueto a large numberof pos-
sible variationsin articulationsandposesthe trainingim-
agesare not sufcient to determinegood clusters,which
eitherhave low supportor becomeblurred(if we lower the
thresholdT for meging shapes)Still, with singletonprun-
ing turnedoff, we canperformsuccessfulocalization. For
people,therecallis 43%for 5 FPs/image.The numberof
falsepositves may appearigh. Note, however, that peo-
ple areoftensmall,closeto eachotherandoccluded It may
alsobedif cult to matchthecorrectarticulationandashape
mismatchcanresultin afalsepositive. For bicycles,with a
localizationaccurag criterionof 0.2, the recallis 59% for
2 FPs/imageWe hadto lower thecriteriondueto thetrans-
parentstructureof a bike that lowersthe overlapmeasure
evenfor a smallmisalignmenbf the mask.

Figure 7 shavs sample detectionson the Graz-02
datasetlt demonstratethatour methodis ableto success-
fully localize objectinstancesgven underdif cult condi-
tions of backgroundtlutterandocclusion.We canobsene
thatthecomputednasksgive informationaboutthe poseof

Shotton[21] 92.1%
Ourframework (T = 0:85, with singletons)| 94.6%
Ourframevork (T = 0:7, nosingletons) | 94.6%

Table2. RPCEERfor Weizmannhorsedataset.

Figure8. Resultson WeizmanrhorsegdatasetNotethattheshape
masksarevery accuratethe horsearticulationsarevisible.

the object. Note thatin the caseof the imageswith more
than one object, the subsequentbjectsare localizedwith
subsequentypothesegthird row, rst fourimages).Note
that third hypothesishasa very low score(4.9) and can
thereforebe discarded .t is interestingto obsene thatit is
probablydueto the smallcarpartin the bottomleft corner

4.3.Comparisonto the state-of-the-art

To compareour methodto the state-of-the-artve eval-
uate our framework on the Weizmannhorsedataset. We
closelyfollow the setupof Shottonet al. [21]—we usethe

rst 50 imagesof horsesandthe correspondingbjectsey-
mentationplusthe rst 50 backgroundmagesfor training.
Thenext 277imagesrom eachsetareusedfor testing.We
also usethe samecriterion for localizationaccurag—we
determinghe centroidof the computedsggmentatiormask
andcomputethedistanceo thecentroidin theground-truth.
If thedistancds lessthan25 pixels,thelocalizationis con-
sideredto be correct. Note that we follow their protocol
strictly by usingtheir scale-normalize@magesandrunning
our systematasinglescale.

Table2 compareour resultsto Shottonet al. [21]. We
canobsene that our approachimproves the performance.
Our resultsare reportedfor a training procedurewithout
singletonpruningandthe standardghapenegingthreshold
T = 0:85aswell asfor a lower shapemeging threshold
with singletonpruning. If we do not lower the threshold,
too few aspectlustersareformeddueto the large number
of horsesarticulations,i.e., mostof the aspectsaresingle-
tons.Figure8 shavs afew exampleresults.We canobsere
thatthe shape®of thehorsesaredetectedrery accuratelyin
thetestimages.We canevenjudgefrom the detectedshape
masksf thehorseis standingor running.

5. Summary

In this paperwe have proposedan objectlocalization
framework that usesshapemasksaslocalizationhypothe-
ses. We have demonstratedhat this enrichesthe localiza-
tion decisionsy revealingadditionalinformationaboutob-
jectviewpoint, articulation,sub-typeor state. At the same



Con dence: 1103.1 561.8

4.9

Figure7. Resultson Graz-02datasetNotethe preciseobjectshapesstimationglespiteocclusionsandbackgroundlutter Multiple object
instancesiredetectedvith subsequerttypothesessis shavn in thebottomrow (4 left mostcolumns).

time, the experimentalresultsshav that the standardio-
calizationperformanceof the methodis comparabldo the
state-of-the-art.Our methodperformswell on naturalim-
ages rohustly handlingmultiple objectaspectssigni cant
intra-classvariations,occlusionsandbackgrounctlutter.

We have alsosuccessfullcombinedheclusteringof the
generatethypothesesvith adiscriminative hypothesislas-
si er, shawving that both elementsare necessaryjor good
localizationaccurag.

Futureresearctcould focuson improving the generated
hypotheseshy using edgesor image segmentations. We
think that given a good objectlocalizationhypothesisthe
objectsegmentationtask shouldbe lessdif cult andgood
sgymentationaccuray easierto achiese. Furthermorewe
will explore the possibility of detectingposeor sub-types
by annotatingheaspects.

Acknowledgments

M. Marsza ekis supportedby a grantfrom the EuropeanCommunity
underthe Marie-CurieprojectVIsITOR. This work wassupportedy the
EuropearNetwork of ExcellencePAScAL.

References

[1] S.Agarwal andD. Roth. Learninga sparseepresentatiofor object
detection.ln ECCV, 2002.

[2] O.ChapelleP. Haffner, andV. Vapnik. Supportvectormachinegor
histogram-basetiageclassi cation. NN, 10(5),1999.

[3] M. EveringhamA. ZissermanC. Williams, L. V. Gool, etal. The
2005 PASCAL visual object classeschallenge. In First PASCAL
Challenge Workshop

[4] M. Fritz, B. Leibe,B. CaputoandB. Schiele.Integratingrepresenta-
tive anddiscriminantmodelsfor objectcategory detection.In ICCV,
2005.

[5] M. Fussengger A. Opelt, and A. Pinz.  Object localiza-
tion/sg@mentatiorusinggenericshapepriors. In ICPR, 2006.

[6] J.GardingandT. Lindebeg. Directcomputatiorof shapecuesusing
scale-adaptespatialderivative operatorslJCV, 17(2),1996.

[7] B.Leibe,A. LeonardisandB. Schiele.Combinedobjectcateyoriza-
tion and segmentationwith animplicit shapemodel. In ECCV'04
Workshopon StatisticalLearningin Computenision, 2004.

(8]
9]
(20]
(11]
(12]
(13]

[14]

(18]
[16]

(17]

(18]

(19]

(20]
[21]
[22]
(23]

(24]

[25]

[26]

B. Leibe, E. Seemannand B. Schiele. Pedestriandetectionin
crovdedscenesin CVPR 2005.

T. Lindebeg. Featuredetectiorwith automaticscaleselectionlJCV,
30(2),1998.

D. Lowe. Objectrecognitionfrom local scale-ivariantfeatures.In
ICCV, 1999.

D. Lowe. Distinctive imagefeaturesform scale-ivariantkeypoints.
1JCV, 60(2),2004.

M. Marsza ekandC. Schmid. Spatialweightingfor bag-of-features.
In CVPR 2006.

K. Mikolajczyk and C. Schmid. Scaleandaf ne invariantinterest
pointdetectorsIJCV, 60(1),2004.

A. Opelt, M. Fussengger A. Pinz, and P. Auer. Genericobject
recognitionwith boosting. TechnicalReportTR-EMT-2004-01,TU
Graz,2004.

A. OpeltandA. Pinz. Objectlocalizationwith boostingandweak
supervisiorfor genericobjectrecognition.In SCIA 2005.

A. Opelt,A. Pinz,andA. Zisserman.A boundary-fragment-model
for objectdetection.In ECCV, 2006.

F. Rothganger S. Lazebnik,C. Schmid,and J. Ponce. 3D object
modelingand recognitionusing af ne-invariant patchesand multi-
view spatialconstraintsin CVPR 2003.

B. Russell A. Efros,J. Sivic, W. FreemanandA. ZissermanUsing
multiple segmentationgo discover objectsandtheir extentsin image
collections.In CVPR 2006.

B. Schilkopf andA. Smola. Learningwith Kernels: SupportVec-
tor Machines,Regularization,OptimizationandBeyond MIT Press,
CambridgeMA, 2002.

E. SeemannB. Leibe, and B. Schiele. Multi-aspectdetectionof
articulatedobjects.In CVPR 2006.

J. Shotton,A. Blake, andR. Cipolla. Contourbasedlearningfor
objectdetection.In ICCV, 2005.

A. ThomasyV. Ferrari,B. Leibe, T. TuytelaarsB. Schiele,andL. V.
Gool. Towardsmulti-view objectclassdetection.In CVPR 2006.
S. Todoravic andN. Ahuja. Extractingsubimage®f an unknovn
categyory from a setof images.In CVPR 2006.

J. Willamowski, D. Arregui, G. Csurka,C. R. Dance,andL. Fan.
Categorizing nine visual classeaisinglocal appearancéescriptors.
In IWLAVS 2004.

J.Winn andN. Joijic. LOCUS: Learningobjectclasseswith unsu-
pervisedsggmentation.In ICCV, 2005.

J. Zhang,M. Marsza ek,S. Lazebnik,and C. Schmid. Local fea-
turesandkernelsfor classi cation of texture and objectcateyories:
A comprehensie study 1JCV, 73(2),2007.



