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Abstract

We proposea methodfor simultaneousdetection,local-
ization and segmentationof objectsof a knowncategory.
Weshowthat this is possiblebyusingsegmentsasfeatures.
To this end,we proposean objectmodelin which the im-
age is representedas a tree, that capturescontainmentre-
lationshipsamongthe segments. Using segmentsas fea-
tureshasthe advantage that objectdetectionand segmen-
tation is donesimultaneously, forgoing theneedfor a sep-
arate sophisticatedmodelfor objectsegmentation.A gen-
erativemodelof anobjectcategory is estimatedin a super-
visedmode, in termsof thecharacteristicsof its constituent
regions,their relativelocations,and their mutualcontain-
ment. Thenovel aspectof this work lies in simplifyingthe
descriptionof thehierarchy in termsof constraintsthat ap-
ply to only pairs of nodes,insteadof all nodesin the tree.
Weshowthat this indeedimprovesthespeedof learningal-
gorithm. Inferenceis doneusinggraphcuts.We report the
performanceof themodelonstandard datasets.

1. Intr oduction

This paperis concernedwith the problemof automatic
detectionand segmentationof objectsbelongingto cate-
goriesspeci�edthroughexamplescontainedin trainingim-
ages. It usesa generative object model, de�ned in terms
of objectregionsoccurringin a low level hierarchicalseg-
mentationof the image,or segmentationtree. The model
containsinformationaboutrelative locationsof theregions
containedin the object, their geometricalproperties(size,
shape,etc.), their topologicalproperties(how many other
regions are containedwithin a region), and their appear-
ances. Insteadof incorporatingthe large numberof con-
straintsthat would be neededto capturethe hierarchical
structureof the largenumberof nodesin thesegmentation
tree,themodelingprocessissimpli�ed by restrictingthede-
scriptionto pairsof node.Themodelspeci�esjoint proper-
tiesof pairsof nodesrelatedby differentlinks (parent-child,
siblings,etc.) Thesepropertiesareestimatedfrom theseg-

mentationtreesderived from prespeci�edexampleimages
of objects.

Segmentationtree containsthe collection of all salient
imageregions along with their associatedgray level con-
trasts,arrangedin a geometrictreethat capturestheir mu-
tual containmentinformation. The pairwise node con-
straintsarecapturedin a topologyfeaturevectorwhich is
extractedfrom the tree. This representationtransformsthe
complex structureof thetreeinto onein thesimplervector
space,which is easierto model. We show that fast learn-
ing of objectmodelcanbe performedin a supervisedset-
ting. Recognitionin new imagesis donevia alternatingop-
timizationbetweenestimatinga segmentationusinggraph-
cuts,andestimatingobjectcon�guration usingfastHough
transformvoting. Theobjectsarethusrepresentedusingre-
gionhierarchiesin aprobabilisticframework. In thissense,
our approachcombinesstatisticalandstructuralobjectrep-
resentationmethodologies.

The restof thepaperis organizedasfollows. In Sec.2
wepresentabrief review of theexisting literatureonobject
category modelling. In Sec.3, we describethe low level
imagerepresentationwe use. Sec.4 describesthe object
modelalongwith our learningandinferencealgorithms.In
Sec.5 wepresentexperimentalresults,and�nally conclude
thepaperin Sec.6.

2. RelatedWork

Models of object categoriesproposedin literaturecan
be categorizedaccordingto the typesof low level image
primitives, and the relationshipsamong them, they use.
Much recentwork hasfocusedon the useof locationsof
featurepoints, along with subimagesin certain, e.g., el-
liptical, neighborhoodsaroundthe points, called intensity
or texture patches,or simply patches. The relationships
amongthesepatchesusedrangefrom modelling simple
histogramsof patchproperties,while ignoring their loca-
tions [5] (bag-of-wordsmodel),to modellingthe locations
of thesepatchesunderdifferent degreesof independence
assumptions[8, 12, 19, 1] (constellationmodel, implicit
shapemodeletc.). Performanceof theseapproacheswith
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respectto object localization,namely, detectingthe vicin-
ity of the objectsin new imagesvaries accordingto the
typesof spatial relationshipsthey capture. For instance,
the bag-of-words model cannotlocalize objects,whereas
the implicit shapemodelreportsexcellentlocalizationper-
formance. However, sincethere is no explicit modelling
of the extent of the object, thesemodelscannotdelineate
objectboundaries,i.e. segmentthe object, for which they
needmoreinformation,e.g.,edges[11] andregion homo-
geneity cues [13]. In addition to texture patches,local
edge/contourfragmentshave alsobeenusedfor represen-
tation [14], which again suffer from the sameproblemsas
mentionedabove for patches.

Anotherclassof modelsrepresentsobjectcategoriesasa
2D region (shapeandintensities)[22, 11] whichminimizes
the costof deformablematchingof all available instances
of the object. Thesemethodsreturnprobabilitiesfor each
pixel of beinginsidetheobjectinsteadof a hardsegmenta-
tion. But, dueto thelargesizeof themodel,thesemethods
arecomputationallyexpensive. This restrictstheir applica-
tion to relatively friendly environmentswherethereis not
enoughchangein scaleor positionof theobject.

Relatively lessattentionhasbeendirectedtowardsusing
imagesegmentsfor building anobjectcategorymodel.Us-
ing salientsegmentsoffersseveraladvantages.First, since
theresigni�cantly fewersegmentsthantherearepixels,this
reducesthenumberof modelprimitives,andtherefore,the
modelscomplexity. Second,de�ning relationshipsamong
segmentsinsteadof pixels helpscapturericher and more
global imagecharacteristics.Third, theusageof segments
makesit possibleto simultaneouslydetectandsegmentan
object.Thereis no needfor a separatesophisticatedmodel
for objectsegmentation,asis requiredby the local texture
patchbasedmethods.Weusethehierarchicalsegmentation,
or segmentationtree,basedontheapproachdescribedin [2]
asour basicimagerepresentation.This algorithmreturns
the collectionof all salientimageregionsalongwith their
associatedgraylevel contrasts,arrangedin ageometrictree
thatcapturestheir mutualcontainmentinformation. In our
model,we usethe relative locationsof the segments,their
mutual containmentrelationships(con�guration in which
they appearin thetree),andtheir gray level characteristics
to de�ne theobjectmodel.

The work on tree matchingin computervision can be
broadlyclassi�ed into two types.The�rst typeestablishes
correspondencesbetweensimilarnodesof thetreesthatalso
occurin thesametopologicalenvironment[15, 21]. These
approachesmatchthe complete,global topologicalstruc-
tureandarethuscomputationallyexpensive, e.g. theMax-
Cliqueapproachof [15] is NP-Hard.Thesecondtypeusesa
representationof thetreeobtainedby embeddingindividual
nodesaspointsin a vectorspace,andanalyzeslocal clus-
ters of thesepoints which capturelocal topology [6, 17].

Ourapproachis closerto theembeddingapproach,sincewe
abstractthe treeasa collectionof local pairwiserelations.
While theglobalapproachesyield fewer falsepositivesbe-
causethey considerthe entire topology, local approaches
acceptpartial matchesandarethereforeusefulwhen,e.g,
anobjectis partiallyoccluded.

None of the above works useboth imageregions and
their hierarchiesfor representingobject categories. The
closestto ours is the work in [20], which representsan
object using segmentationtrees. This algorithm attempts
matchesof theentiretopologicalstructureof segmentation
treesacrossa set of training images,eachof which may
containoneor moreexamplesof theobjectcategory of in-
terest,to developa canonicaltreerepresentationof thecat-
egory. For detection,this canonicaltreeis matchedto the
segmentationsubtreesof the new image. The treematch-
ing algorithmusedfor learninghasa very high complexity,
O(M 2jV j4), whereM is the numberof training images,
andV is thenumberof regionsin eachimage.In contrast,
aswe will seelater, our algorithmhasa lower complexity
of O(M jV j2) with noperformanceloss.

Thecontributionsof our papercanthusbesummarized
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 generationof this embedding,and in this senseours is
a generative model. It is thus easily generalizableto in-
cludeinformationotherthanthesegmentationtreethatwe
usein this paper. For instance,we can include local tex-
turepatchesin our imagerepresentation,anduseanexist-
ing generative modelthatdescribesthe likelihoodof these
patchesalongwith our model, to computethe joint likeli-
hoodof thecombinedobservationof thesegmentationtree
andtexturepatches.

3. ImageRepresentation

An imageis representedasa treeof segmentsobtained
by thealgorithmproposedin [2]. Thealgorithmassignsto
eachimageregion a contrastvaluewhich is the minimum
alongits entireboundary. This resultsin a strict mergerof
regionsasthecontrastis increased,makinga treerepresen-
tationfeasible.As onedescendsthis segmentationtree,the
regionsizedecreases.

To representthe image,we includein thesegmentation
tree the individual propertiesof its regions. Eachregion
r v in the tree is describedin termsof its position in the
imager l

v , andan attribute vector r a
v . The positionof the

region is computedas the location of its centerof mass
r l

v = (xv ; yv ). Theattributevectorcapturestheshapeand
photometricpropertiesof theregion. Theshapeis described
by the areaav of the region, anda descriptorof the shape
of theboundaryof r v , usedin [20]. This descriptordivides



the region into K pie slicesaroundits centerof mass,and
computesthe the region areain eachslice to computethe
shapehistogramhv (k); k = 1; : : : ; K . For rotationinvari-
ance,k = 1 is chosento bealignedwith theaxisof theslice
having thelargesthistogramvalue.Wealsousetheentropy
H v of theshapedescriptorhv asanattribute.To capturethe
appearanceof theregion,weusethemean� v , andvariance
� 2

v of thegraylevel populationin theregion. We alsocom-
putemomentsof the spatialdistribution of the gray levels
aroundthe centerof mass,asadditionalattributesof spa-
tial variationof intensitiesinsidetheregion. We usetheset
of sevenscale,translationandrotationinvariantnormalized
centralmomentsproposedin [18], denotedby thevector� v .

The relative locationof a region with respectto its sib-
lings in thetreeis capturedusinga context vector� v used
in [20], which is obtainedby computinga force of attrac-
tion on the region by its neighborsin spatialandattribute
domains. We further introducean attribute dispersionin-
dex which capturesthe the variability of the attributesof
the childrenof a node. For this purpose,we focuson the
meangray level value� v andareaav of the children,and
computetheindex as

d� v = [ 1
N v

P
u 2 C ( v ) (1 � � v =� u )2 ]1= 2

dav = [ 1
N v

P
u 2 C ( v ) (1 � av =au )2 ]1= 2

where,C(v) denotesthesetcontainingchildrenof nodev,
andNv = jC(v)j, i.e. the numberof childrenof nodev.
Note that the dispersionindex hereactuallyrepresentsthe
root meansquaredeviation of theattributeof a nodew.r.t.
its children,normalizedw.r.t. nodeattribute.

The completeattribute vector of a region can then be
writtenas

r a
v = (av ; hv (1); : : : ; hv (K ); H v ; � v ; � 2

v ; � v ; � v ; dav ; d� v )

This attribute vector capturespropertiesof individual re-
gions. We now describehow we representthe relative ar-
rangementof theseregionsin thesegmentationtree.Instead
of consideringtherelationshipsamongall regionssimulta-
neously, e.g., in [20], we do so for only pairsof regions.
The topologicalstructureof the segmentationtreeis com-
pressedinto pairwiserelationsbetweenits constituentre-
gions. This reducesthecomplexity of representationfrom
that correspondingto subtreematchingto matchingonly
pairsof nodes.Differenttypesof relationscanbe usedto
selectthenodepairs,e.g. parent-child,siblingsetc. We in-
dex eachtypeof relationby anintegerp. Correspondingto
eachrelationp, a featurevectort p is extractedcontaining
orderedpairsof regionsindiceswhich follow this relation.
For instance,let us supposethat p = 0 denotesthe parent
child relationship,and in the observed segmentationtree,
regionr 1 occursasaparentof regionr 2. Thenthetopology
featurevector t 0 containsthe orderedpair (1; 2). We can

write this topologyvectoras

t p = f (up
1; vp

1 ); : : : ; (up
n ; vp

n )g (1)

whereup
i andvp

i areregionindicesin thesegmentationtree.
By representingthe segmentationtreeasa setof topology
vectorsabove,we mapthestructurepresentin thetreeinto
a simpler, vector space. Thesevectorscan be viewed as
featuresextractedfrom thetree.

Therehasbeena lot of work towardsrepresentingtree
structuresin theliteratureon NaturalLanguageProcessing
[3], wheretreesareusedto depictthedependenciesamong
thedifferentparts-of-speechin asentence[4] whicharerep-
resentedby nodesin the tree. A methodfor representing
thesetreesfound to be robust in speechprocessingis by
countingthe numberof occurrencesof different typesof
subtrees,eachdepictinga typeof relation[4]. Sincetheset
of valuesthatanodecantake(i.e. parts-of-speech)is �nite,
the typesof subtreesthat canexist is countable,andsince
theonly propertyof interestfor a subtreeis its presenceor
absence,countingthenumberof occurrencesmakessense.
Our representationabove is similar to this representation,
sincewe storeall occurrencesin thetreeof a particularre-
lation (analogousto speechsubtrees).Note however that
the setof attributesthat a region can take in the segmen-
tation treeis real valuedandthereforein�nite. Hencejust
countingwill notsuf�ce. Becauseof thisreason,in ourrep-
resentation,we separatelystoreeachindividual occurrence
in thetopologyvector. Topologyneednotbelimited to pair-
wiserelationships,asusedin thispaper. Otherrelationships
canbeexplored.

4. Model

As discussedin Sec.3,animageI is representedin terms
of its regionsr v = (r l

v ; r a
v ), andtopologyvectorsf t pgP

p=1 .
In thissection,weexplainourmodelfor thecasewhenthere
is only oneobject instancein the image; the extensionto
multiple instancesis straightforward. We assumethat the
objectedgesarecapturedin at leastoneof the regions in
thesegmentationtree. This assumptionis reasonablesince
objectboundariesusuallyhave considerablecontrastwith
the background.With eachregion, we associatea label lv

denotingwhetherregionr v is insidetheobjector not. Here,
lv = 1 if r v is fully containedinsidetheobjectandlv = 0
otherwise. The collection of regions with labelsequalto
1 thusgivesus an object-backgroundsegmentation.Also,
with eachobject instance,we associatean object con�g-
uration vector oc = (ol ; os), whereol is the location of
theobjectandos is its scale.As our generative model,we
canwrite the likelihoodof regionsR = f r v g and topol-
ogy T = f t pg of an observed imageI given a labelling
L = f lv g andobjectcon�gurationocasfollows

P(T; RjL; oc) = P(TjR; L )P(RjL; oc)



The �rst termon theright of theabove expressiondenotes
the likelihood of observinga certain topology of regions
(arrangementin thetree)giventheir positionsin theimage
andtheir attributes. We assumethat this is independentof
theobjectcon�guration. Thesecondtermdenotesthelike-
lihood of individual region attributesandlocationsgivena
labellingandobjectcon�guration. Next, we describehow
wemodeltheabove two terms.

For conciserepresentationandnoisereduction,we �rst
makeadictionaryof regionattributes.Wedothisbycluster-
ing region attributesinto K clustersusinga gaussianmix-
turemodel. Eachregion attributer a

v thushasa probability
of beinggeneratedby k-th cluster, givenby P(r a

v jcv = k).
Here, cv is the randomvariable representingthe cluster
from which r a

v is generated. Towards generatinga re-
gion v given its label and the object con�guration, �rst
an attribute cluster is chosenaccordingto the probability
� l v (k) = P(cv = kjlv ). Given this attribute cluster, the
region attribute r a

v andregion locationr l
v areassumedto

be generatedindependently. Region attribute is generated
accordingto theknown densityP(r a

v jcv = k) which does
not dependon theregion label lv . Region locationis gen-
eratedaccordingto thedensityf l v

l oc(r l
v jk; oc) = P(r l

v jcv =
k; lv ; oc). We assumethat all regionsaregeneratedinde-
pendentlygiventheir individual labels,andareindependent
of thelabelsof otherpixels.We thushave

P(RjL; oc) = Q
v

P
k f l v

loc ( r l
v j k ;oc)P (r a

v j cv = k ) � l v (k ) (2)

Modellingthejoint likelihoodof theentiretopologyvec-
torwouldhavehighcomplexity. Henceweassumethateach
orderedpair of regionsin a topologyvector(u; v) 2 t p is
generatedindependently. Notehoweverthatsincethetopol-
ogy vectordependson pairsof regions,this independence
assumptionis not very restrictive. For instance,consider
two regionsr u andr v suchthattheorderedpair (u; v) does
not appearin any topologyvector, i.e. (u; v) =2 t p8p. This
doesnot meanthat r u andr v areindependent,sincethere
might exist orderedpairs(u; w) 2 t p and(v; w) 2 t q for
somep andq which will inducea relationbetweenr u and
r v throughr w . To write thelikelihoodof topologyvectors,
we further assumethat eachorderedpair dependsonly on
the region attributesand labelsof the regions in that pair.
We thushave

P(TjR; L ) = Q
p

Q
( u;v ) 2 t p

P (( u;v )2 t p j r a
u ;r a

v ;l u ;l v )

Further marginalizing over the cluster center associated
with regionattributes,weget

P (( u;v )2 t p j r a
u ;r a

v ;l u ;l v )=
P

k 1 ;k 2
f ( l u ;l v )

top (k1 ;k 2 ;p) �

P (cu = k1 j r a
u )P (cv = k2 j r a

v ), where, (3)

f ( l u ;l v )
top (k1 ;k 2 ;p)= P (( u;v )2 t p j cu = k1 ;cv = k2 ;l u ;l v )

4.1.Learning

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

1. the attribute clusterprior probabilities,� l v (k ), where
P

k � l v (k )=1

2. the per attribute location distributions, f l v
loc ( r l

v j k ;oc),
where,P r l

v
f l v

loc ( r l
v j k ;oc)=1 and

3. the per attribute pair topology distributions,
f ( l v ;l u )

top (k1 ;k 2 ;p).

Let us supposethat we have N training imageswith ex-
tractedsetof regionsRn , topologyvectorsT n , andground
truth labelsL n , wheren = 1; : : : ; N . From the ground
truth labels,we cancomputetheobjectcon�gurationsocn

for eachimage.Theaboveparameterscanthusbelearntby
maximizing the log-likelihood

P
n log(P(Tn jRn ; L n )) +

log(P(Rn jL n ; ocn )) .
Themaximumlikelihoodsolutionof theabove problem

doesnot have a closedform. Iterative algorithmssuchas
ExpectationMaximization can be usedto obtain a local
maximum.Thesealgorithmshowever involve computation
of posteriordensitiesandhave very high complexity. We
thusadoptan approximationstrategy, whereinwe replace
the region attributeswith the valuesof the clustercenter
closestto themin the region attributedictionary. For each
regionattributer n

v , we thusknow theassociatedclustercn
v .

The summationsin Eq. (2) and (3) then reduceto single
termsandmaximizationis easy. Empirically, thismodi�ca-
tion is a goodapproximationsincewe have observed that
the posteriorsof region attributesover the dictionary are
peaky, i.e. theregionsareusuallyassociatedwith only one
clustercenterin the dictionary. Using this approximation,
theparameterscanbecomputedas

� l (k) = # f c n
v :c n

v = k ;l n
v = l g

# f c n
v : l n

v = l g

f l
l oc(r jk; oc) = # f r ln

v :( r ln
v � o n

l ) =o n
s = r ;c n

v = k ;l n
v = l g

# f r ln
v :c n

v = k ;l n
v = l g

f ( l ;m )
top (k1; k2; p) = # f ( c n

u ;c n
v ):( c n

u ;c n
v )=( k 1 ;k 2 ) ; ( l n

u ;l n
v )=( l;m ) g

# f ( c n
u ;c n

v ):( l n
u ;l n

v )=( l;m ) g

The location distribution estimatedabove is discrete. To
estimatethecontinuousdistribution over region locationr
given the clustercenterk andobjectcon�guration oc, we
usea parzenwindows estimateobtainedusingtraining re-
gionswith labell andclustercenterk.

The complexity of the learningalgorithmcanbe com-
putedasfollows. Let us supposethat we have M training
images,eachhaving V regions. Thenclearly, � l andf l

l oc
can be computedin O(M V), i.e. the total numberof re-
gionspresentin thedataset.Thetopologyparameterf ( l ;m )

top
canbecomputedin O(M V 2), which is thedominantterm
in complexity. Hence,the complexity of our learningal-
gorithm is O(M V 2). Note that this is much lower when
comparedto O(M 2V 4) complexity of [20].



4.2.Infer ence

In this section we describeour algorithm to infer a
Maximum-a-Posteriori(MAP) labellingandobjectcon�g-
uration in a new imagewith an object instancein it. As
our MAP estimate,we want to maximize the posterior
P(L; ocjT; R) / P(T; RjL; oc)P(L; oc). Here, the like-
lihood P(T; RjL; oc) canbecomputedusingthelearntpa-
rametersof themodel.Weassumethatin theprior 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
thetreestructure,whichmeansthattheregionsconnectedin
thesegmentationtreeareapriori likely to belabelledsame.
TheMAP estimatecanthusbewritten astheminimizerof
negative log-likelihoodasfollows:

(L � ; oc� ) = argmin
L;oc

�L (L; oc) = argmin
L;oc

P
u � ( r v j l v ;oc)+

P
( u;v ) 2 T  1 ( r u ;r v ;l u ;l v )+

P
( u;n ) 2N  2 ( l u ;l v ) (4)

Here,theunaryterm� is computedusingindividual region
likelihoods,whichdescribeswhetheraregionis morelikely
to belabelledasobjector background.Theinteractionterm
 1 is computedusingthe topologydistributions. This de-
scribeswhethera regionpair (u; v) observedin aparticular
topologyis likely for acorrespondinglabelling(lu ; lv ). The
interactionterm 2 representstheMRF prior on region la-
bels, indicating that the regionsconnectedtogetherin the
observed segmentationtree are more likely to have same
labels.Weuse 2(lu ; lv ) = � (lu 6= lv ) exp(cjlu � lv j).

Alter nating minimization. To minimize the negative
log-likelihood in Eq. (4), we use an iterative algorithm,
which alternatesbetweenminimizing over L andoc. This
canbeconciselywrittenas

oc( t ) = argminoc �L (L ( t � 1) ; oc) (5)

L ( t +1) = argminL �L (L; oc( t ) ) (6)

Sinceoconly appearsin theunarytermin Eq.(4), themin-
imization in Eq. (5) canbeeasilyperformedby voting the
log-likelihoodsdueto regionslabelledasobjectsonto oc-
space.To performtheminimizationin Eq. (6) over L , fol-
lowing the formulationin [10], we usegraphcuts. This is
undertheassumptionthat the interactionpotentials 1 and
 2 areregular. Furthermore,sincethealternatingalgorithm
alwaysseeksaglobalminimumin eachiteration,following
[9], it converges.

Initialization. To initialize thealgorithmabove, we use
thelocal minimaof theunaryterm� . Givenanobjectcon-
�guration oc, a region is labelledaseitherobjector back-
groundonthebasisof its likelihooddueto eitherlabel.The
likelihood for oc is computedby addingtheselog likeli-
hoods.The�rst L (=10)maximain theocspaceareselected
astheinitial hypothesesoc(0) .

Multiple Instances. The alternatingminimizationpro-
cedureon eachof themultiple initial hypothesesresultsin
multiple segmentations. Thesesegmentationsare pruned
in a greedyfashionaccordingto their areasof overlapand
likelihoods. First the segmentationwith the highestlike-
lihood is selected. Then the segmentationwith next best
likelihood,having lessthan25% overlapwith the existing
segmentis selected.This processis repeatedtill theall hy-
pothesesor theentireimageareais exhausted.

Invariances. Sincewe returnobjectlocationandscale,
our algorithmis invariant to translationandscaling. Note
that the region attributevectorandthe topologyvectorde-
scribedin Sec.3 arerotationinvariant.Theregion location
however changesfor differentrotationsof the object. The
algorithmcanthusbemaderotationinvariantby maximiz-
ing the likelihoodsover different hypothesizedrotations.
Sincethedistribution of the locationsof all regionswithin
the object is used,which changeswith object's rearticula-
tion, our algorithmis not articulationinvariant. Dueto the
usageof local pairwiserelations,our algorithmis robust to
occlusions.

5. Results

We evaluateour algorithmon carefully chosendatasets
with respectto a) theimpactof usingtopologyinformation,
b) localizationperformance,c) segmentationaccuracy, and
d) performancerelative to existing techniques.

5.1.Experimental Setup

Datasets. To test our algorithm w.r.t. detectionand
segmentationaccuracy, we require datasetswith given
groundtruthsegmentations.WetestouralgorithmonFaces,
Cars (sideviews) and Motorbikes. For faces (435 im-
ages)andmotorbikes(798images),weusetheCaltech-101
dataset[7] which hasgroundtruth segmentations.We use
a randomlyselectedsetof 200imagesasour trainingsetto
learnthemodelparametersasdescribedin Sec.4.1.Testing
is doneon all remainingimages.For trainingthemodelon
cars,we usetheCaltech-101dataset(123 images).We do
notusethissetfor testingsinceit is notverychallengingbe-
causeof the following reasons.First, eachimagecontains
only asinglecar, andsecond,thecarliesat thecenterof the
image,occupying mostof its area.Thetestimagesfor cars
areobtainedby the online imageannotationtool LabelMe
[16]. For this, an initial setof imagesis selectedby query-
ing sideviewsof carsontheLabelMewebsite.Of these,the
imageswhich containat leastonecaroccupying morethan
10%of imageareaareselectedastestimages.We choose
this thresholdon areabecausevery smallobjectsdo not al-
low many treelevels,andtherefore,signi�cant topological
information. Thetestsetthusobtainedcontains97 images
with a total of 107instancesof a car. Thedatasethasscale



variationandimageswith multiplecars(seeFig. 2). We do
not usethe UIUC-Carsdataset[1] which hasbeenexten-
sively usedin literature,since,1) it doesnot have ground
truthsegmentationmaskswhichweneedfor evaluation,and
2) theimagesin this datasetarevery low resolutionfor the
segmentationalgorithmto capturethetopology. All theim-
agesareresizedsothatthelargestdimensionis 400pixels.

Evaluating Localization Accuracy. To test the local-
izationaccuracy of our algorithm,we follow theevaluation
strategy describedin [20], which in our caseis executedas
follows. Thealgorithmexplainedin Sec.4 outputsthearea
occupiedby the detectedobjectsalong with their associ-
atedlikelihoods.For normalizationacrossdifferentimages,
we divide the likelihoodsof detectionsin an imageby the
total numberof regionsin that image. Thedetectionalgo-
rithm comparesthe normalizedlikelihood N i for the i -th
detectionagainstadetectionthreshold� andreturnsaposi-
tivedetectionif N i > � andanegativedetectionotherwise.
Thus,asthe thresholdis increased,thenumberof positive
detectionsreturnedby thealgorithmdecrease.Theground
truth labelsfor the i -th detectionis obtainedby comparing
theareaoccupiedby thisdetectionin theimage,againstthe
availablegroundtruth segmentation.We saythat a detec-
tion is a groundtruth negative if either a) the areaof in-
tersectionbetweengroundtruth segmentationandthatesti-
matedby thealgorithmis lessthan75%of thegroundtruth
segmentationarea,or b) more than 25% of the detection
arealies outsidethe groundtruth segmentation.All other
detectionsare labelledasgroundtruth positive. Note that
this criteriaarestricterthantheoverlapbetweenbounding
rectanglesusedin [12, 1], sincewe accountfor the actual
shapeof theobject. We measuretheperformancein terms
of thestandardprecision-recallplotsobtainedasthedetec-
tion threshold� is changed.Here,precisionis measuredas
the percentageof true-positivesout of the total numberof
positivesreturnedby thealgorithm,andrecall is measured
asthe percentageof true-positivesout of the total number
of groundtruthpositives.An algorithmis deemedto bebet-
ter thananotherif its recallvs. 1-precisionplot lies strictly
above thatof theother.

Evaluating SegmentationAccuracy To test the seg-
mentationaccuracy of our algorithm, we use the stan-
dardpixel-labelmismatchpercentageusedin the literature
[22, 13]. Fromthegroundtruth segmentation,we have la-
belsfor whetherapixel belongsto anobjector background.
Thedetectionalgorithmalsoreturnsasimilar labelfor each
pixel in theimage.We reportthepercentageof mislabelled
pixelsperimage,averagedover thetestset.

5.2.Experiments

Signi�cance of Topology. To evaluatethe importance
of topologyinformation,we �rst comparetheperformance
of our algorithmwith andwithoutusingtopologyvectort p
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(b) Cars - sideview
Figure1.Precision-Recallcurvesfor (a) Faces,and(b) Cars.Red
plots - performancewhen only individual region attributes are
used. Blue plots - performancewhenboth the individual region
attributesand topology information is used. We perform better
thantheunsupervisedapproachof [20]. For cars,ourperformance
is closeto thestate-of-the-artperformancereportedin [12].

(Eq. (1)) in our representation.For the modelwith topol-
ogy, weusetheinferencemechanismdescribedin Sec.4.2.
To perform inferenceon the model without topology, we
remove the interactionpotential 1 in Eq. (4) andproceed
with theinferencealgorithm.Fig. 1 shows theprecisionre-
call curvesfor the facesandcars.Thecurve for themodel
with topologyis shown in blueandfor without topologyis
shown in red.As expected,includingtopologyinformation
improvesthe localizationperformance.Notehowever that
thisincreaseis moresigni�cant for cars,thanfor faces.This
is becausecarsusuallyhave a lot of variationin color and
shapeascomparedto faces,leadingto deepersegmentation
treesandhenceincreasedbene�tsof topologyinformation.

Wecompareour resultswith thosereportedin literature.
Ascanbeseenin Fig.2,weperformbetterthanthethetech-
niquein [20], which usesthe samesegmentationtreerep-
resentationasours,for bothcarsandfaces.Notehowever
that [20] is an unsupervisedapproachwhereasours is su-
pervised,i.e. wehaveafriendlier learningenvironment.We
obtainanequalerrorrateperformanceof 91:7%for carsand
81:1% for facesascomparedto 87:5% and78:3% respec-
tively, reportedin [20]. Our algorithmhasan inferior per-
formancewhencomparedagainstthebestreportedperfor-
mancein literature,thatof thelocal texturepatchbasedal-
gorithmin [12]. Thisalgorithmhoweverusesamodelcom-
plexity cost(MDL) to prunedetectionsfor handlingmulti-
ple instances.Thesamealgorithmwithout MDL produces
anequalerrorrateperformanceof 91%, which is compara-
ble to our performance.Also notethat our evaluationcri-
teriaarestricterthan[12], which reportstheboundingbox
detectionresultsandnot thesegmentationareaoverlap.

SegmentationAccuracy. Table 1 shows the compar-
ison of pixel basedsegmentationerror for different test
sets.First notethattopologyimprovesresults.Whencom-
paredagainstthe resultsreportedin literature,for cars,we
performbetterthanthe state-of-the-artperformanceof the
pixel basedalgorithmpresentedin [22]. For faces,our per-
formanceis worseas comparedto the approachin [20].



Without With Todorovic LOCUS
Topology Topology [20] [22]

Cars 4.5 4.1 9.3 6.0
Faces 17.9 11.5 6.8 -
Motorbik es 40.8 28.6 - -
Table1. Segmentationerror comparisonwith othertechniques.
The inclusionof topologyimprovesresults.Also, the resultsare
betterthanthosereportedin theliterature.

Thereasonis thatascomparedto carsandmotorbikes,the
changesin regionhierarchy acrossimagesaresmall,which
preservesthetreestructuresandhelpstheapproachof [20]
to obtain better resultscomparedto our approachwhich
matchesonly pairwiserelations.Fig. 2 shows someexam-
ple segmentationson our test sets. Theseresultsare ob-
tainedfor the valueof threshold� at the equalerror rate.
For eachpair of rows, at the top is theoriginal image,and
at thebottomis theestimatedsegmentation.First notethe
complexity of carsdatasetswhichhashugescalevariations,
multiple instancesand partial occlusions. Fig. 2(a) and
(b) show detectionunderhugescalevariationsof approx-
imately8x areachange.Fig 2(c)and(d) show detectionsof
multiple instancesandunderpartialocclusionsof approxi-
mately10%of theareaof thecar. Notethattheboundaries
arenot correctlydetectedfor many darkcoloredcars.This
is becausethesecarsdo not have enoughcontrastw.r.t. the
background,andhencethe low level segmentationfails to
detectits boundaries.Figs2(e)and(f) show resultsfor mo-
torbikesandfaces.

6. Conclusions

Wehavepresentedastatisticalmodelto describeobjects
using a tree of imagesegments. The novel aspectlies in
modellingtherelationshipsbetweensegmentsthatoccurin
thetree.Weshow in theresultsthattherich topologyinfor-
mationpresentin thesegmentationis indeedusefulfor de-
tection.In addition,detectionperformanceof thealgorithm
compareswell with thestate-of-the-artmethods,indicating
thatimagesegmentsbasedrepresentationis usefulfor mod-
elling objects.To modelthetopologyin thetree,currently
we only usepairwiserelations.In thefuture,we planto in-
vestigatehow theperformancechangesaswe includemore
and higher-order relations. We also plan to enhancethe
modelto incorporateother imagebasedinformation,such
asimagegradients,whichaidsin objectsegmentation.
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(a)Cars - Higher scales

(b) Cars - Smaller scales

(c) Cars - Multiple instances

(d) Cars - Partial Occlusions

(e)Faces

(f) Motorbik es
Figure2. Segmentationresults.Eachpair of rows containtheoriginal imageat thetop,andsegmentationat thebottom.Figures(a)-(d)
show resultsfor cars. Imagesin (a) show resultswherethe car occupiesa large portion of imagearea(higherscale). Note the correct
detectionsdespitelargescalevariationwith respectto imagesin (b), wherecarsoccupy very small imagearea.Figures(c) and(d) show
resultson imageswith multiple cars,andpartially occludedcars.Figures(e) and(f) show resultsfor facesandmotorbikesdatasets.Note
thatwegetgoodpixel accuracy in segmentationalongwith detection.


