Modelling Objects using Distrib ution and Topologyof Multiscale RegionPairs

HimanshuArora, NarendraAhuja
Beckmaninstitute,University of lllinois at UrbanaChampaign
Urbana/JL 61801,USA

f haroral,n-ahuja

Abstract

We proposea methodfor simultaneousletectionJocal-
ization and sggmentationof objectsof a known category.
We showthatthisis possibleby usingsegmentsasfeatues.
To this end, we proposean objectmodelin which the im-
age is representedas a treg that captuescontainmente-
lationshipsamongthe segments. Using sggmentsas fea-
tureshasthe advantae that objectdetectionand segmen-
tation is donesimultaneouslyforgoing the needfor a sep-
arate sophisticatednodelfor objectsegmentation.A gen-
erativemodelof an objectcateggory is estimatedn a super
visedmode in termsof the characteristicsof its constituent
regions, their relativelocations,and their mutual contain-
ment. Thenovel aspectof this work lies in simplifyingthe
descriptionof the hierarchy in termsof constaintsthat ap-
ply to only pairs of nodes,insteadof all nodesin thetree
We showthatthis indeedimprovesthe speedf learningal-
gorithm. Inferenceis doneusinggraph cuts. We reportthe
performanceof the modelon standad datasets.

1. Intr oduction

This paperis concernedvith the problemof automatic
detectionand seggmentationof objectsbelongingto cate-
goriesspeci edthroughexamplescontainedn trainingim-
ages. It usesa generatre objectmodel, de ned in terms
of objectregionsoccurringin alow level hierarchicalseg-
mentationof the image,or sggmentationtree. The model
containsinformationaboutrelative locationsof theregions
containedin the object, their geometricalproperties(size,
shape.etc.), their topological properties(honv mary other
regions are containedwithin a region), and their appear
ances. Insteadof incorporatingthe large numberof con-
straintsthat would be neededto capturethe hierarchical
structureof the large numberof nodesin the sggmentation
tree ,themodelingprocesss simpli ed by restrictingthede-
scriptionto pairsof node.Themodelspeci esjoint proper
tiesof pairsof nodegelatedoy differentlinks (parent-child,
siblings,etc.) Thesepropertiesareestimatedrom the seg-
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mentationtreesderived from prespeci edexampleimages
of objects.

Sggmentationtree containsthe collection of all salient
imageregions along with their associatedyray level con-
trasts,arrangedn a geometrictreethat capturegheir mu-
tual containmentinformation. The pairwise node con-
straintsare capturedin a topologyfeaturevectorwhich is
extractedfrom thetree. This representatiotransformshe
comple structureof thetreeinto onein the simplervector
spacewhich is easierto model. We showv that fastlearn-
ing of objectmodelcanbe performedin a supervisedet-
ting. Recognitionin new imagess donevia alternatingop-
timization betweerestimatinga sggmentatiorusinggraph-
cuts,andestimatingobjectcon guration usingfastHough
transformvoting. The objectsarethusrepresentedsingre-
gion hierarchiesn a probabilisticframewvork. In this sense,
our approactcombinesstatisticalandstructuralobjectrep-
resentatioomethodologies.

The restof the paperis organizedasfollows. In Sec.2
we present brief review of theexisting literatureon object
catgyory modelling. In Sec.3, we describethe low level
imagerepresentationve use. Sec.4 describeghe object
modelalongwith ourlearningandinferencealgorithms.In
Sec.5 we presenexperimentakesultsand nally conclude
thepaperin Sec.6.

2. Related Work

Models of object catgyories proposedin literature can
be categyorized accordingto the typesof low level image
primitives, and the relationshipsamongthem, they use.
Much recentwork hasfocusedon the use of locationsof
featurepoints, along with subimagesn certain, e.g., el-
liptical, neighborhoodsroundthe points, called intensity
or texture patches,or simply patches. The relationships
amongthesepatchesusedrange from modelling simple
histogramsof patchproperties,while ignoring their loca-
tions[5] (bag-of-wordsmodel),to modellingthe locations
of thesepatchesunderdifferent degreesof independence
assumptiong8, 12, 19, 1] (constellationmodel, implicit
shapemodeletc). Performanceof theseapproachesvith



respectto objectlocalization,namely detectingthe vicin-
ity of the objectsin new imagesvaries accordingto the
typesof spatialrelationshipsthey capture. For instance,
the bag-of-words model cannotlocalize objects,whereas
theimplicit shapemodelreportsexcellentlocalizationper
formance. However, sincethereis no explicit modelling
of the extent of the object, thesemodelscannotdelineate
objectboundariesj.e. sgmentthe object, for which they
needmoreinformation, e.g.,edgeg11] andregion homo-
geneity cues[13]. In addition to texture patches,local
edge/contoufragmentshave alsobeenusedfor represen-
tation [14], which again suffer from the sameproblemsas
mentionedabove for patches.

Anotherclassof modelsrepresentsbjectcatgoriesasa
2D region (shapeandintensities)22, 11] which minimizes
the costof deformablematchingof all available instances
of the object. Thesemethodsreturnprobabilitiesfor each
pixel of beinginsidethe objectinsteadof a hardsegmenta-
tion. But, dueto thelarge sizeof the model,thesemethods
arecomputationallyexpensve. This restrictstheir applica-
tion to relatively friendly environmentswherethereis not
enoughchangen scaleor positionof the object.

Relatively lessattentionhasbeendirectedtowardsusing
imagesegmentsfor building anobjectcategory model. Us-
ing salientsegmentsoffers several advantages First, since
theresigni cantly fewer segmentgshantherearepixels, this
reduceghe numberof modelprimitives,andtherefore the
modelscomplity. Secondde ning relationshipsamong
sgmentsinsteadof pixels helps capturericher and more
globalimagecharacteristicsThird, the usageof segments
malesit possibleto simultaneousldetectand sggmentan
object. Thereis no needfor a separatesophisticatesnodel
for objectsegmentationasis requiredby the local texture
patchbasednethodsWe usethehierarchicakegmentation,
or segmentatiortree, basedntheapproactdescribedn [2]
asour basicimagerepresentation.This algorithmreturns
the collectionof all salientimageregionsalongwith their
associatedraylevel contrastsarrangedn ageometridree
that capturegheir mutualcontainmeninformation. In our
model,we usethe relative locationsof the sgments their
mutual containmentrelationships(con guration in which
they appeaiin thetree),andtheir gray level characteristics
to de ne the objectmodel.

The work on tree matchingin computervision canbe
broadlyclassi edinto two types. The rst typeestablishes
correspondencdretweersimilarnodesf thetreesthatalso
occurin the sametopologicalervironment[15, 21]. These
approachesnatchthe complete,global topological struc-
ture andarethuscomputationallyexpensve, e.g. the Max-
Cliqueapproactof [15] is NP-Hard.Thesecondypeusesa
representationf thetreeobtainedby embeddingndividual
nodesaspointsin a vectorspaceandanalyzedocal clus-
ters of thesepoints which capturelocal topology [6, 17].

Ourapproacthis closerto theembeddin@pproachsincewe
abstracthe treeasa collectionof local pairwiserelations.
While the global approachegield fewer falsepositresbe-
causethey considerthe entire topology local approaches
acceptpartial matchesand are thereforeusefulwhen, e.qg,
anobijectis partially occluded.

None of the abore works use both image regions and
their hierarchiesfor representingobject catgyories. The
closestto oursis the work in [20], which representsan
objectusing sggmentationtrees. This algorithm attempts
matchesof the entiretopologicalstructureof sggmentation
treesacrossa setof training images,eachof which may
containone or moreexamplesof the objectcateyory of in-
terestto developa canonicalreerepresentatioof the cat-
egory. For detection,this canonicaltreeis matchedto the
sgmentationsubtreeof the new image. The tree match-
ing algorithmusedfor learninghasa very high compleity,
O(M?jVj*), whereM is the numberof training images,
andV is the numberof regionsin eachimage. In contrast,
aswe will seelater, our algorithmhasa lower compleity
of O(M jVj?) with no performancéoss.

The contrikutionsof our papercanthusbe summarized
asfollows. 1) We matchlocal pairwiserelationsbetween
node pairs within a segmentationtree insteadthe entire
trees,dueto which fastlearningandinferenceis possible.
2) We proposea novel probabilisticmodelfor the process
of generatiornof this embeddingandin this senseoursis
a generatie model. It is thus easily generalizableo in-
cludeinformationotherthanthe sggmentatiortreethatwe
usein this paper For instance we canincludelocal tex-
ture patchedn our imagerepresentatiorandusean exist-
ing generatie modelthatdescribeghe likelihood of these
patchesalongwith our model,to computethe joint likeli-
hoodof the combinedobsenation of the sggmentatiortree
andtexture patches.

3. Image Representation

An imageis representedsa tree of sggmentsobtained
by the algorithmproposedn [2]. Thealgorithmassigndo
eachimageregion a contrastvalue which is the minimum
alongits entireboundary This resultsin a strict meger of
regionsasthe contrasis increasedmakingatreerepresen-
tationfeasible.As onedescendshis segmentatioriree,the
region sizedecreases.

To representheimage,we includein the segmentation
tree the individual propertiesof its regions. Eachregion
ry in the treeis describedin termsof its positionin the
imager!,, andan attribute vectorr . The position of the
region is computedas the location of its centerof mass
rl = (xv;yv). Theattribute vectorcaptureshe shapeand
photometrigoropertieof theregion. Theshapés described
by the areaa, of the region, anda descriptorof the shape
of theboundaryof r, usedin [20]. Thisdescriptordivides



theregioninto K pie slicesaroundits centerof mass,and
computeghe the region areain eachslice to computethe

ancek = 1is choserto bealignedwith theaxisof theslice
having thelargesthistogramvalue. We alsousethe entrogy
H, of theshapedescriptoh, asanattribute. To capturethe
appearancef theregion,we usethemean ,, andvariance
2 of thegraylevel populationin theregion. We alsocom-
pute momentsof the spatialdistribution of the gray levels
aroundthe centerof mass,as additionalattributesof spa-
tial variationof intensitiesinsidetheregion. We usethe set
of sevenscale translatiorandrotationinvariantnormalized
centralmomentgproposedn [18], denotedby thevector .
The relative locationof a region with respecto its sib-
lingsin thetreeis capturedusinga context vector , used
in [20], which is obtainedby computinga force of attrac-
tion on the region by its neighborsin spatialand attribute
domains. We further introducean attribute dispersionin-
dex which capturesthe the variability of the attributes of
the children of a node. For this purpose we focuson the
meangray level value , andareaa, of the children,and
computetheindex as
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where,C(v) denoteghe setcontainingchildrenof nodev,
andN, = jC(v)j, i.e. the numberof childrenof nodev.
Note that the dispersionindex hereactuallyrepresentshe
root meansquaredeviation of the attribute of a nodew.r.t.
its children,normalizedw.r.t. nodeattribute.

The completeattribute vector of a region canthenbe
writtenas

This attribute vector capturespropertiesof individual re-
gions. We now describehow we representhe relative ar
rangemenof theseregionsin thesegmentatiortree.Instead
of consideringherelationshipsamongall regionssimulta-
neously e.g.,in [20], we do so for only pairs of regions.
Thetopologicalstructureof the sggmentationtreeis com-
pressednto pairwiserelationsbetweenits constituentre-
gions. This reduceghe compleity of representatiofrom
that correspondingo subtreematchingto matchingonly
pairsof nodes. Differenttypesof relationscanbe usedto
selectthe nodepairs,e.g. parent-child siblingsetc We in-
dex eachtypeof relationby anintegerp. Correspondindo
eachrelationp, a featurevectort, is extractedcontaining
orderedpairsof regionsindiceswhich follow this relation.
For instance]et us supposdhatp = 0 denoteghe parent
child relationship,andin the obsened segmentationtree,
regionry occursasaparentof regionr,. Thenthetopology
featurevectorty containsthe orderedpair (1;2). We can

write this topologyvectoras
tp = f(ulsvh);ins(uRsvh)g @)

whereu? andvP areregionindicesin thesegmentatiortree.
By representinghe segmentationtreeasa setof topology
vectorsabove, we mapthe structurepresenin thetreeinto
a simpler vector space. Thesevectorscan be viewed as
featuresextractedfrom thetree.

Therehasbeena lot of work towardsrepresentingree
structuresn theliteratureon NaturalLanguageProcessing
[3], wheretreesareusedto depictthe dependencieamong
thedifferentparts-of-speecim asentenc§4] whicharerep-
resentedby nodesin the tree. A methodfor representing
thesetreesfound to be robust in speechprocessings by
countingthe numberof occurrence®f differenttypes of
subtreeseachdepictingatypeof relation[4]. Sincetheset
of valuesthatanodecantake (i.e. parts-of-speech} nite,
the typesof subtreedhat canexist is countable andsince
the only propertyof interestfor a subtreds its presencer
absencegountingthe numberof occurrencesnakessense.
Our representatiombore is similar to this representation,
sincewe storeall occurrencen thetreeof a particularre-
lation (analogoudo speechsubtrees).Note however that
the setof attributesthat a region cantake in the segmen-
tationtreeis real valuedandthereforein nite. Hencejust
countingwill notsufce. Becausef thisreasonin ourrep-
resentationye separatelystoreeachindividual occurrence
in thetopologyvector Topologyneednotbelimited to pair
wiserelationshipsasusedin this paper Otherrelationships
canbeexplored.

4. Model

Asdiscusseth Sec.3,animagel isrepresenteth terms
of its regionsr, = (r!;rd), andtopologyvectorsftpgf,’:1 .
In thissectionwe explainourmodelfor thecasewvhenthere
is only one objectinstancein the image;the extensionto
multiple instancesds straightforvard. We assumethat the
objectedgesare capturedin at leastone of the regionsin
the segmentatiortree. This assumptions reasonablasince
objectboundariesusually have considerablecontrastwith
the background.With eachregion, we associate labell,,
denotingwhetheregionr , isinsidetheobjector not. Here,
I, = 1if ry isfully containednsidetheobjectandl, = 0
otherwise. The collection of regionswith labelsequalto
1 thusgivesus an object-backgroundegmentation. Also,
with eachobjectinstance,we associatean object con g-
uration vectoroc = (0;;0s), whereq is the location of
the objectandos is its scale.As our generatre model,we
canwrite the likelihood of regionsR = fr,g andtopol-
ogy T = ftpg of anobseredimagel given a labelling
L = fl,gandobjectcon gurationocasfollows

P(T;RjL; o9 = P(TjR;L)P(RjL; 00



The rst termon theright of the above expressiondenotes
the likelihood of observinga certaintopology of regions
(arrangemenin thetree)giventheir positionsin theimage
andtheir attributes. We assumehatthis is independenof
the objectcon guration. The secondermdenoteghelik e-
lihood of individual region attributesandlocationsgiven a
labelling and objectcon guration. Next, we describehow
we modeltheabove two terms.

For conciserepresentatioandnoisereduction,we rst
male adictionaryof regionattributes.We dothisby cluster
ing region attributesinto K clustersusinga gaussiarmix-
ture model. Eachregion attributer & thushasa probability
of beinggeneratedby k-th cluster givenby P (r &jc, = k).
Here, ¢, is the randomvariable representinghe cluster
from which r2 is generated. Towards generatinga re-
gion v given its label and the object con guration, rst
an attribute clusteris chosenaccordingto the probability

(k) = P(c, = Kkjly). Giventhis attribute cluster the
region attribute r 2 and region locationr!, are assumedo
be generatedndependently Region attribute is generated
accordingto the known densityP (r 2jc, = k) which does
not dependon theregion labell, . Region locationis gen-
eratedaccordingo thedensityf ¥ (r},jk; 00 = P(rljc, =
k;ly;00. We assumehat all regions are generatednde-
pendentlygiventheirindividual labels,andareindependent
of thelabelsof otherpixels. We thushave

P (RjL; o0 =Q P CFv (el kioe)P (r2jey=k) (k) (2)

Modellingthejoint likelihoodof theentiretopologyvec-
torwould have highcompleity. Henceweassumeéhateach
orderedpair of regionsin atopologyvector(u;v) 2 t, is
generateithdependentlyNotehoweverthatsincethetopol-
ogy vectordependson pairs of regions, this independence
assumptionis not very restrictve. For instance,consider
two regionsr , andr, suchthattheorderedpair(u;v) does
not appeaiin ary topologyvectos i.e. (u;v) Z t,8p. This
doesnot meanthatr , andr, areindependentsincethere
might exist orderedpairs (u; w) 2 tp, and(v;w) 2 tq for
somep andq which will inducea relationbetweerr, and
ry throughr . To write thelikelihoodof topologyvectors,
we further assumethat eachorderedpair dependsonly on
the region attributesand labelsof the regionsin that pair.
We thushave

P(TjR;L) =%,

p (u;v)ztpP((U;V)thjrﬁ;r\?;'u;'v)

Further maginalizing over the cluster center associated
with region attributes,we get

fiop ) (Katkzip)
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4.1.Learning

During training,we wantto learnthe following parame-
tersof theabove model,giventheir groundtruth labels:

1. the attribute clusterprior probabilities, 'v(k), where
P ) ly (k)=1

2. the per attribute location distributions, f
where,P o fiv (r!jkoc)=1 and

loc

or (1} ikioc),
3. the per attribute pair
o) (keika:p).

Let us supposethat we have N training imageswith ex-
tractedsetof regionsR", topologyvectorsT", andground
truth labelsL", wheren =
truth labels,we cancomputethe objectcon gurationsoc”
for eachimage.Theabove paragetersanthusbelearntby
maximizingthe log-likelihood  log(P(T"jR";L")) +
log(P(R"jL";0C")).

The maximumlik elihoodsolutionof the above problem
doesnot have a closedform. Iterative algorithmssuchas
ExpectationMaximization can be usedto obtain a local
maximum. Thesealgorithmshowever involve computation
of posteriordensitiesand have very high compleity. We
thus adoptan approximationstrategyy, whereinwe replace
the region attributeswith the valuesof the clustercenter
closestto themin the region attribute dictionary For each
region attributer ), we thusknow the associatedlustercy) .
The summationsn Eq. (2) and (3) thenreduceto single
termsandmaximizationis easy Empirically, this modi ca-
tion is a good approximationsincewe have obsened that
the posteriorsof region attributes over the dictionary are
pealy, i.e. theregionsareusuallyassociatedvith only one
clustercenterin the dictionary Using this approximation,
theparametersanbecomputedas

0 =

floc(rik; 00
(G arkarp) = SRl p g n
The location distribution estimatedabove is discrete. To
estimatethe continuousdistribution over region locationr
given the clustercenterk andobjectcon guration oc, we
usea parzenwindows estimateobtainedusingtraining re-
gionswith labell andclustercenterk.

The compleity of the learningalgorithm can be com-
putedasfollows. Let us supposdhatwe have M training
images,eachhaving V regions. Thenclearly ' andf/.
canbe computedin O(M V), i.e. the total numberof re-
gionspresentn the datasetThetopologyparametef t(o',;m )
canbe computedn O(M V?2), which is the dominantterm
in compleity. Hence,the compleity of our learningal-
gorithmis O(M V2). Note that this is much lower when

comparedo O(M 2V#) compleity of [20].

topology distributions,

N.oNopn=
#fcyicy=kily=1g
#fcy:Iy=1g
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4.2.Inference

In this sectionwe describeour algorithm to infer a
Maximum-a-Posterior{MAP) labellingandobjectcon g-
urationin a new imagewith an objectinstancein it. As
our MAP estimate,we want to maximize the posterior
P(L;odT;R) / P(T;RjL; 09P(L; 0c). Here,thelike-
lihood P (T; RjL; oc) canbe computedusingthelearntpa-
rameterf themodel. We assumehatin the prior distribu-
tion P(L; oc), labelsandobjectcon guration areindepen-
dent. For objectcon guration, we usea uniform prior. For
thelabels,we usea Markov RandomField (MRF) prior on
thetreestructurewhichmeanghattheregionsconnectedn
thesegmentatiortreeareapriorilikely to belabelledsame.
The MAP estimatecanthusbe written asthe minimizer of
negative log-likelihoodasfollows:

(L ;oc) = argmin L (L; 00 = argminp
L;oc L;oc
P

o (rvjly;oc)+

Here,theunaryterm is computediusingindividual region
likelihoodswhichdescribesvhetheraregionis morelikely
to belabelledasobjector backgroundTheinteractionterm
1 IS computedusingthe topologydistributions. This de-
scribeswhetheraregion pair (u; v) obseredin aparticular
topologyis likely for acorrespondindabelling(ly;1y). The
interactionterm , representshe MRF prior on region la-
bels, indicating that the regions connectedogetherin the
obsenred segmentationtree are more likely to have same
labels.Weuse ,(ly;lv) = (Iy 6 1) exp(cly Ivj).
Alter nating minimization. To minimize the negative
log-likelihood in Eq. (4), we use an iterative algorithm,
which alternatedetweenminimizing over L andoc. This
canbeconciselywritten as

odV =
L (t+1) -

argmin,, L (L® ;00 (5)
argmin_ L (L; odV) (6)

Sinceoconly appearsn theunarytermin Eqg. (4), themin-
imizationin Eq. (5) canbe easilyperformedby voting the
log-likelihoodsdueto regionslabelledas objectsonto oc
space.To performthe minimizationin Eq. (6) over L, fol-
lowing the formulationin [10], we usegraphcuts. Thisis
underthe assumptiorthatthe interactionpotentials ; and

» areregular. Furthermoresincethealternatingalgorithm
alwaysseeks globalminimumin eachiteration,following
[9], it corverges.

Initialization. To initialize the algorithmabove, we use

thelocal minimaof theunaryterm . Givenanobjectcon-
guration oc, aregion is labelledaseitherobjector back-
groundonthebasisof its likelihooddueto eitherlabel. The
likelihood for oc is computedby addingtheselog likeli-
hoods.The rst L (=10)maximain theocspaceareselected
astheinitial hypothese®d® .

p
(uv )2T 1(rusrviluslv)+ (un )2N 2(luslv) (4)

Multiple Instances. The alternatingminimizationpro-
cedureon eachof the multiple initial hypothesesesultsin
multiple sgmentations. Thesesggmentationsare pruned
in a greedyfashionaccordingto their areasof overlapand
likelihoods. First the segmentationwith the highestlik e-
lihood is selected. Thenthe segmentationwith next best
likelihood, having lessthan 25% overlapwith the existing
segmentis selected This processs repeatedill theall hy-
pothese®r theentireimageareais exhausted.

Invariances. Sincewe returnobjectlocationandscale,
our algorithmis invariantto translationand scaling. Note
thatthe region attribute vectorandthe topologyvectorde-
scribedin Sec.3 arerotationinvariant. Theregion location
however changedor differentrotationsof the object. The
algorithmcanthusbe maderotationinvariantby maximiz-
ing the likelihoodsover different hypothesizedrotations.
Sincethe distribution of the locationsof all regionswithin
the objectis used,which changeswith objects rearticula-
tion, our algorithmis not articulationinvariant. Due to the
usageof local pairwiserelations,our algorithmis robustto
occlusions.

5. Results

We evaluateour algorithmon carefully chosendatasets
with respecto a) theimpactof usingtopologyinformation,
b) localizationperformanceg) sgmentatioraccurag, and
d) performanceelative to existing techniques.

5.1.Experimental Setup

Datasets. To test our algorithm w.r.t. detectionand
segmentationaccuray, we require datasetswith given
groundtrutrsegmentationsWe testour algorithmon Faces,
Cars (sideviews) and Motorbikes. For faces (435 im-
agesyandmotorbikes(798images)we usethe Caltech-101
datase{7] which hasgroundtruth segmentations.We use
arandomlyselectedsetof 200imagesasourtrainingsetto
learnthemodelparameterasdescribedn Sec.4.1. Testing
is doneon all remainingimages.For trainingthe modelon
cars,we usethe Caltech-101datase{123images).We do
notusethis setfor testingsinceit is notverychallengingoe-
causeof the following reasons First, eachimagecontains
only asinglecar, andsecondthecarlies atthecenterof the
image,occupying mostof its area.Thetestimagesfor cars
areobtainedby the online imageannotationtool LabelMe
[16]. For this, aninitial setof imagesis selectedy query-
ing sideviews of carsontheLabelMewebsite.Of thesethe
imageswhich containatleastonecaroccugying morethan
10% of imageareaareselectedastestimages.We choose
this thresholdon areabecauseery small objectsdo not al-
low mary treelevels,andtherefore signi cant topological
information. The testsetthusobtainedcontains97 images
with atotal of 107 instance®f acar The datasehasscale



variationandimageswith multiple cars(seeFig. 2). We do
not usethe UIUC-Carsdatase{1] which hasbeenexten-
sively usedin literature,since,1) it doesnot have ground
truthsegmentatiormasksvhichwe needfor evaluation,and
2) theimagesin this datasetrevery low resolutionfor the
segmentatioralgorithmto capturethetopology All theim-
agesareresizedsothatthelargestdimensionis 400 pixels.

Evaluating Localization Accuracy. To testthe local-
izationaccurag of our algorithm,we follow the evaluation
stratgy describedn [20], which in our caseis executedas
follows. Thealgorithmexplainedin Sec.4 outputsthearea
occupiedby the detectedobjectsalong with their associ-
atedlik elihoods.For normalizationacrosdlifferentimages,
we divide the likelihoodsof detectionsn animageby the
total numberof regionsin thatimage. The detectionalgo-
rithm compareghe normalizedlikelihood N; for the i-th
detectionagpinsta detectionthreshold andreturnsa posi-
tive detectionf N; > andanegative detectionotherwise.
Thus,asthethresholdis increasedthe numberof positive
detectiongeturnedby the algorithmdecreaseThe ground
truth labelsfor thei-th detectionis obtainedby comparing
theareaoccupiedby this detectionin theimage aginstthe
available groundtruth segmentation.We saythat a detec-
tion is a groundtruth negative if eithera) the areaof in-
tersectiorbetweergroundtruth sggmentatiorandthatesti-
matedby thealgorithmis lessthan75% of the groundtruth
segmentationarea,or b) more than 25% of the detection
arealies outsidethe groundtruth segmentation. All other
detectionsarelabelledas groundtruth positive. Note that
this criteria are stricterthanthe overlap betweerbounding
rectangleausedin [12, 1], sincewe accountfor the actual
shapeof the object. We measurehe performancen terms
of the standardorecision-recalplots obtainedasthe detec-
tion threshold is changedHere,precisionis measureds
the percentag®f true-positvesout of the total numberof
positivesreturnedby the algorithm,andrecallis measured
asthe percentagef true-positvesout of the total number
of groundtruth positives. An algorithmis deemedo bebet-
terthananotherif its recallvs. 1-precisionplot lies strictly
above thatof the other

Evaluating SegmentationAccuracy To test the sgy-
mentationaccurag of our algorithm, we use the stan-
dardpixel-labelmismatchpercentageisedin the literature
[22, 13]. Fromthe groundtruth segmentationwe have la-
belsfor whethera pixel belonggo anobjector background.
Thedetectioralgorithmalsoreturnsa similar labelfor each
pixel in theimage.We reportthe percentagef mislabelled
pixelsperimage,averagedver thetestset.

5.2.Experiments

Signi cance of Topology To evaluatethe importance
of topologyinformation,we rst comparethe performance
of our algorithmwith andwithoutusingtopologyvectort ,

Faces Cars Sideview
1

recall
recall

1-precision 1-precision

(a) Faces (b) Cars - sideview
Figurel. Precision-Recallcurvesfor (a) Facesand(b) Cars.Red
plots - performancewhen only individual region attributes are
used. Blue plots - performancavhenboth the individual region
attributesand topology informationis used. We perform better
thantheunsupervisedpproactof [20]. For cars,our performance
is closeto the state-of-the-anperformanceeportedn [12].

(Eq. (1)) in our representationFor the modelwith topol-
ogy, we usetheinferencemechanisntescribedn Sec.4.2.
To performinferenceon the model without topolagy, we
remove theinteractionpotential ; in Eq. (4) andproceed
with theinferencealgorithm.Fig. 1 shavsthe precisionre-
call curvesfor thefacesandcars. The curve for the model
with topologyis shavn in blue andfor withouttopologyis
shavn in red. As expectedjncludingtopologyinformation
improvesthe localizationperformance Note howvever that
thisincreases moresigni cant for cars thanfor faces.This
is becausearsusuallyhave a lot of variationin color and
shapeascomparedo faces)eadingto deepeisegmentation
treesandhenceincreasedene tsof topologyinformation.
We compareour resultswith thosereportedn literature.
As canbeseerin Fig. 2, we performbetterthanthethetech-
niguein [20], which usesthe samesgmentationtreerep-
resentatiorasours,for both carsandfaces.Note however
that [20] is an unsupervisedpproachwhereasoursis su-
pervisedj.e. we have afriendlierlearningernvironment.We
obtainanequalerrorrateperformancef 91.7%for carsand
81:1% for facesascomparedo 87:5% and 78:3% respec-
tively, reportedin [20]. Our algorithmhasaninferior per
formancewhencomparedaguinstthe bestreportedperfor
mancein literature,thatof thelocal texture patchbasedal-
gorithmin [12]. Thisalgorithmhoweverusesamodelcom-
plexity cost(MDL) to prunedetectiondor handlingmulti-
ple instances The samealgorithmwithout MDL produces
anequalerrorrateperformancesf 91% whichis compara-
ble to our performance.Also notethat our evaluationcri-
teriaarestricterthan[12], which reportsthe boundingbox
detectiorresultsandnot the sggmentatiorareaoverlap.
SegmentationAccuracy. Table 1 shawvs the compar
ison of pixel basedsegmentationerror for different test
sets.First notethattopologyimprovesresults.Whencom-
paredagainstthe resultsreportedin literature,for cars,we
perform betterthanthe state-of-the-arperformanceof the
pixel basedalgorithmpresentedn [22]. For facesour per
formanceis worse as comparedto the approachin [20].
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Topology | Topology [20] [22]
Cars 4.5 41 9.3 6.0
Faces 17.9 115 6.8 -
Motorbik es || 40.8 286 - -

Table 1. Segmentationerror comparisorwith othertechniques.
Theinclusionof topologyimprovesresults. Also, the resultsare
betterthanthosereportedn theliterature.

Thereasonis thatascomparedo carsandmotorbiles,the
changesn region hierarcly acrosimagesaresmall,which
preseresthetreestructuresandhelpsthe approactof [20]
to obtain betterresultscomparedto our approachwhich
matchesonly pairwiserelations.Fig. 2 shavs someexam-
ple sggmentationson our test sets. Theseresultsare ob-
tainedfor the value of threshold at the equalerror rate.
For eachpair of rows, at the top is the original image,and
at the bottomis the estimatedsegmentation.First notethe
complity of carsdatasetsvhich hashugescalevariations,
multiple instancesand partial occlusions. Fig. 2(a) and
(b) shaw detectionunderhugescalevariationsof approx-
imately8x areachange Fig 2(c) and(d) shav detectionof
multiple instancesandunderpartial occlusionsof approxi-
mately10% of the areaof the car Notethatthe boundaries
arenot correctlydetectedor mary darkcoloredcars. This
is becausghesecarsdo not have enoughcontrastw.r.t. the
backgroundandhencethe low level segmentationfails to
detectits boundariesFigs2(e)and(f) shav resultsfor mo-
torbikesandfaces.

6. Conclusions

We have presented statisticaimodelto describeobjects
using a tree of image segments. The novel aspectlies in
modellingtherelationshipdbetweerseggmentsthatoccurin
thetree.We shaw in theresultsthattherich topologyinfor-
mationpresenin the sggmentationis indeedusefulfor de-
tection.In addition,detectionperformancef thealgorithm
comparesvell with the state-of-the-anmethodsjndicating
thatimagesegmentshasedepresentatiors usefulfor mod-
elling objects. To modelthetopologyin thetree,currently
we only usepairwiserelations.In thefuture,we planto in-
vestigatehow the performancehangesswe includemore
and higherorder relations. We also plan to enhancethe
modelto incorporateotherimagebasednformation, such
asimagegradientswhich aidsin objectsegmentation.
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(a) Cars - Higher scales

(b) Cars - Smaller scales (e)Faces

(c) Cars - Multiple instances

(d) Cars - Partial Occlusions (f) Motorbik es
Figure2. Segmentationresults. Eachpair of rows containthe original imageat the top, andsegmentatiorat the bottom. Figures(a)-(d)
shaw resultsfor cars. Imagesin (a) shav resultswherethe car occupiesa large portion of imagearea(higherscale). Note the correct
detectiondespitelarge scalevariationwith respecto imagesin (b), wherecarsoccugy very smallimagearea.Figures(c) and(d) shav
resultson imageswith multiple cars,andpartially occludedcars. Figures(e) and(f) shav resultsfor facesandmotorbikesdatasetsNote

thatwe getgoodpixel accurag in segmentatioralongwith detection.



