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Abstract
In this paper we presenta principled Bayesianmethod

for detectingandsegmentinginstancesof a particular object
categorywithin an image, providinga coherentmethodology
for combiningtopdownandbottomupcues.Theworkdraws
togethertwopowerfulformulations:pictorial structures(PS)
and Markov random�elds (MRFs) both of which haveef�-
cient algorithmsfor their solution. Theresultingcombina-
tion, which we call the ObjectCategory Speci�c MRF, sug-
gestsa solutionto the problemthat haslong dogged MRFs
namelythat they providea poor prior for speci�c shapes.In
contrast,our modelprovidesa prior that is globalacrossthe
image planeusingthe PS. We developan ef�cient method,
OBJ CUT, to obtain segmentationsusingthis model. Novel
aspectsof thismethodincludeanef�cient algorithmfor sam-
pling thePS model,andtheobservationthat theexpectedlog
likelihoodof the modelcan be increasedby a singlegraph
cut. Resultsare presentedon two object categories, cows
andhorses.We compare our methodsto thestateof theart
in objectcategory speci�c image segmentationand demon-
stratesigni�cant improvements.

1. Intr oduction
ImageSegmentationhasseenrenewedinterestin the�eld

of ComputerVision, in part duethe arrival of new ef�cient
algorithmsto performthesegmentation[5], andin partdueto
theresurgenceof interestin objectrecognition[2, 8, 9]. Seg-
mentationfell from favour partly dueto anexcessof papers
attemptingto solveill posedproblemswith nomeansof judg-
ing the result. Interleavedobjectrecognitionandsegmenta-
tion [4, 16] is both well posedand of practicaluse. Well
posedin that theresultof thesegmentationcanbequantita-
tively judgede.g.how many pixelshave beencorrectlyand
incorrectlyassignedto the object. Of practicalusebecause
(a)themoreaccuratelytheimagecanbesegmentedthemore
accuratetherecognitionresultswill be,and(b) imageediting
toolscanbedesignedthatprovidea “powerassist”to cutout
applicationslike `Magic Wand', e.g.I know this is a horse,
pleasesegmentit for me,without thepainof having to man-
ually delineatetheboundary.

Markov RandomFields (MRFs) provide a useful model
of imagesfor segmentationand their prominencehasbeen
increasedby theavailability of ef�cient publically available
codefor their solution. The work of Boykov andJolly [5]
strikingly demonstratesthatwith theminimumof userassis-
tanceobjectscanbe rapidly segmented. However samples
from the Gibbsdistribution de�ned by the MRF very rarely
give rise to realistic shapesand on their own MRFs are ill
suitedto segmentingobjects. What is requiredis a way to
inject prior knowledgeof objectshapeinto the MRF. Within
this paperwe derive a Bayesianway of doing this in which
theprior knowledgeis providedby aPictorialStructure(PS).
PictorialStructures[6] andtherelatedConstellationof Parts
model[8] haveprovento behighly successfulfor thetaskof
objectrecognition. We castthe problemof objectcategory
speci�c segmentationas that of estimatingan MRF (repre-
sentingbottomup information)which is in�uenced by a set
of latentvariables,the PS (representingtop down informa-
tion), encouragingthe MRF to resemblethe object. Unlike
MRFs, which model the prior usingpairwisepotentials,the
PS modelprovidesaprior overtheshapeof thesegmentation
thatis globalacrosstheimageplane.

In contrastto previous approaches[4, 16], our method
providesa principledprobabilisticapproachwhich candeal
with largeobjectdeformationsandarticulationswithouthav-
ing to resortto thecomputationalinef�ciency of hundredsof
exemplars. The basisof our methodaretwo new theoreti-
cal/algorithmiccontributions:(1) wemake the(notobvious)
observation that the expectationof the log likelihoodof an
MRF with respectto somelatentvariablescanbeef�ciently
optimizedwith respectto the labelsof the MRF by a single
graphcut optimization;(2) we provide a highly ef�cient al-
gorithmfor marginalizingor optimizing the latentvariables
whenthey area PS following aPottsmodel.

Thepaperis organizedasfollows. In Section2 theproba-
bilistic MRF modelof theimageis describedin broadterms.
Section3 givesanoverview of anef�cient methodfor solv-
ing thisprobabilisticMRF modelfor �gure-groundlabellings.
In section4 the layeredpictorial structures(LPS) model is

1



described,whichextendsthePS modelsothatit handlespar-
tial self occlusion.How to getan initial estimateof the LPS

is given in section5. The OBJ CUT algorithmis described
in section6. Resultsare shown for two object categories,
namelycowsandhorses,anda comparisonwith othermeth-
odsis givenin section7.
2. Object CategorySpeci�c MRF

In this sectionwe describethe MRF modelthat formsthe
basisof thepaper. We build uponandformally specifypre-
viouswork on segmentationproviding a Bayesiangraphical
modelfor work thathaspreviouslybeenspeci�edin termsof
energy functions[5]. Notably therearetwo issuesto bead-
dressedin thissection(i) how to encouragethesegmentation
to follow edgeswithin the image,(ii) how to encouragethe
segmentationto look like anobject.

GivenanimageD containinganinstanceof a known ob-
ject category, e.g.cows, we wish to segmentthe imageinto
�gur e, i.e. pixels belongingto the object, and ground, i.e.
thebackground.Takinga Bayesianperspective,we de�ne a
setof binary labels,m, onelabelmx for eachpixel x, that
optimizestheposteriorprobabilitygivenby theGibbsdistri-
bution

p(m jD ) =
p(D jm)p(m)

p(D )
=

1
Zm

exp(� 	( m)) ; (1)

whereZm is thenormalizingconstant(or partitionfunction).
Theenergy is de�ned by thesummationof cliquepotentials:

	 1(m) =
X

x

 

� (D jmx ) +
X

y

 (mx ; my )

!

; (2)

wherey is a neighbouringpixel of x. The likelihoodterm
� (D jmx ) is theemissionmodelfor oneor morepixelsand
is givenby

� (D jmx ) =
�

� log(p(x 2 �gurejH obj )) if mx = 1
� log(p(x 2 groundjH bkg)) if mx = 0;

(3)
where H obj and H bkg are the RGB distributions for fore-
groundandbackgroundrespectively. The prior  (mx ; my )
takestheform of anIsingmodel:

 (mx ; my ) =
�

P if mx 6= my ;
0 if mx = my :

(4)

In theMRFs usedfor imagesegmentation,a contrastterm
is usedto favour pixelswith similar colourhaving thesame
label [3, 5]. This is doneby reducingthe cost within the
Ising model for two labelsbeing different in proportionto
the differencein intensitiesof their correspondingpixels

e.g.by 
 (x; y) = � exp
�

� g2 (x;y )
2� 2

�
1

dist (x;y ) , whereg2(x; y)
measuresthe differencein the RGB valuesof pixels x and
y and dist (x; y) gives the spatialdistancebetweenx and
y [3, 5]. However, thishaspreviouslynotbeengivenaproper

Bayesianformulationwhich we now address.It cannot be
includedin the prior, for the prior term cannotinclude the
data. Ratherit leadsto a pair wise linkagebetweenneigh-
bouring labels and their pixels as shown in the graphical
model given in �gure 1. The energy function of this MRF
is of theform

	 2(m ) =
X

x

 

� (D jmx ) +
X

y

(� (D jmx ; my ) +  (mx ; my ))

!

(5)
Thecontrasttermof theenergy functionis givenby:

� (D jmx ; my ) =
�

� 
 (x; y) if mx 6= my ;
0 if mx = my :

(6)

MRF-based segmentation techniqueswhich use MIN-
CUT [13] have achievedexcellentresults[3, 5] with manual
initialization. However, due to the lack of a shapemodel,
thesemethodsdo not work sowell for automaticsegmenta-
tion. Wewouldliketo usethepowerof theMinCut algorithm
for interleavedobjectrecognitionandsegmentation.In some
sensethe resultof the recognitionwill replacethe userin-
terventions.In orderto achieve this we introducea stronger
shapemodel to the MRF andmarry the two together. This
shapemodelwill supplya setof latentvariables,� , which
will favour segmentationsof a speci�c shape,as shown in
the graphicalmodeldepictedin �gure 1. We call this new
MRF modeltheObjectCategorySpeci�c MRF, whichhasthe
following energy function:

	 3(m ; � ) =
P

x (� (D jmx ) + � (mx j� )+
P

y (� (D jmx ; my ) +  (mx ; my ))) (7)

with posteriorp(m; � jD ) = 1
Z 3

exp(� 	 3(m ; � )) . The
function� (mx j� ) is chosenso that if we weregivenanes-
timate of the location and shapeof the object, then pixels
falling nearto thatshapewouldmorelikely haveobjectlabel
andviceversa.It hastheform:

� (mx j� ) = � logp(mx j� ): (8)

In thispaper, we chooseto de�ne p(mx j� ) as

p(mx = �gurej� ) =
1

1 + exp(� � d(x; � ))
(9)

andp(mx = groundj� ) = 1 � p(mx = �gurej� ), where
d(x; � ) is the distanceof a pixel x from the shapede�ned
by � (beingnegative if insidetheshape).Theparameter�
determineshow much the points outsidethe shapeare pe-
nalizedcomparedto thepointsinsidetheshape.Noteenergy
function	 3(m ; � ) canstill beminimizedvia MINCUT [13].

In this paperwe combinethe ContrastDependentMRF

with thelayeredpictorialstructures(LPS) model[15] (ourex-
tensionof thepictorial structure,PS model[6]), howeverwe
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Figure1. Graphicalmodelrepresentationof theObjectCategory Speci�c
MRF. Theconnectionsintroducingthecontrast termareshownin red.Note
thatsomeof theseconnections(goingdiagonally)arenotshownfor thesake
of clarity of theimage. Thelabelsm lie in a plane. Togetherwith thepixels
shownabove this plane, theseform the contrast-dependentMRF usedfor
segmentation.In additionto these, ObjectCategory Speci�cMRF makesuse
of anunderlyingshapeparameterin theformof an LPS model(shownlying
belowtheplane).TheLPSmodelguidesthesegmentationtowardsa realistic
shapecloselyresemblingtheobjectof interest.

observe that the methodologybelow is completelygeneral
andcouldbecombinedwith any sortof latentshapemodel.

Theoptimal�gure-groundlabellingshouldbeobtainedby
integratingout thelatentvariable� . Thesurprisingresultof
thispaperis thatthisratherintractablelookingintegralcanin
factbe optimizedby a simpleandcomputationallyef�cient
setof operations.In orderto do this,weneedto demonstrate
two things: (i) That givenan estimateof m we cansample
ef�ciently for � . This we shall demonstratefor thecaseof
LPS andin x5.1wedescribeanew algorithmfor ef�cient cal-
culationof the marginal distribution for a non regularPotts
model(complementingthe resultof Felzenszwalb andHut-
tenlocher[7]). (ii) That given the distribution of � we can
ef�ciently optimize m so as to increasethe posterior. For
a MRF this is not immediatelyobvious, however we shall
demonstratethis in thenext section.

3. Roadmapof the Solution
For theproblemof segmentationtheparametersm areof

immediateinterestandtheEM framework providesa natural
way to deal with the latent parameters� [11] by treating
themasmissingdata.Thelog posteriordensityof m is given
by

logp(m jD ) = logp(� ; m jD ) � logp(� jm ; D ); (10)

wherep(� ; m jD ) = 1
Z 3

exp(� 	 3(m ; � )) . TheEM frame-
work iteratively re�nes the estimateof m by marginalizing
the latentparameters� . Given the currentguessof the la-
belling m 0, we treat� asa randomvariablewith thedistri-
butionp(� jm 0; D ). Averagingover � yields

logp(m jD ) = E(log p(� ; m jD )) � E(log p(� jm ; D )) ;
(11)

where E is the averaging over � under the distribution
p(� jm 0; D ).

Thekey resultof EM is thatsecondtermon theright side
of equation(11) is minimizedwhenm = m 0. Thus,choos-
ing anew labellingm whichmaximizes

E(log p(� ; m jD )) =
Z

(log p(� ; m jD ))p(� jm 0; D )@�

(12)
increasesthe posteriorp(m jD ). This expressionis called
Q(mjm 0), theexpectedcomplete-datalog-likelihood,in the
EM literature.

In x5.1 it will be shown that we can ef�ciently sample
from a PS whichsuggestsasamplingbasedsolutionto max-
imizing (12). Let the setof s samplesbe � 1 : : : � s , with
weightsp(� i jm 0; D ) = wi , then the correspondingmini-
mizationcanbewrittenas

m̂ = argmin
m

i = sX

i =1

wi 	 3(m ; � i ): (13)

This is thekey equationof ourapproach.Section6 describes
anef�cient methodfor minimizing theenergy function(13).
Weobservethatthisenergy functionis aweightedlinearsum
of the energies 	 3(m ; � ) which, being a linear combina-
tion, canalsobeoptimizedusingMINCUT [13]. Thisdemon-
stratesthe interestingresult that for Markov random�elds,
with latentvariables,it is computationallyfeasibleto opti-
mizeQ(mjm 0).

The EM algorithmoften convergesto a local minima of
theenergy functionandits successdependson theinitial la-
belling m 0 (i.e. thelabellingm 0 at the�rst iteration). In the
last sectiona generative graphicalmodel for pixel by pixel
segmentationwas set up. However, it would be computa-
tionally extravagantto attemptto minimize this straightoff.
Ratheran initialization stageis adoptedin which we get a
roughestimateof theobject's posteriorextractedfrom a set
of imagefeaturesZ, de�ned in x 4.1. Imagefeatures(such
astextonsandedges)canprovidehighdiscriminationat low
computationalcost. We approximatethe initial distribution
p0(� jm ; D ), asg(� jZ), whereZ aresomeimagefeatures
chosento localize the object in a computationallyef�cient
manner. Thus,theweightswi requiredto evaluateequation
(13)on the�rst EM iterationareobtainedby samplingfrom
thedistributiong(� jZ), de�ned in Section4.

Thenext sectiondescribestheLPS modelin detail. In the
remainderof the paper, we describean ef�cient methodto
obtainthesamplesfrom theposteriorof a PS modelrequired
for the marginalizationin equation(13), and the OBJ CUT

algorithmwhich re-estimatesthelabellingm by minimizing
equation(13). Thesemethodsareapplicableto any articu-
latedobjectcategory which canbemodelledusingLPS. We
demonstratetheresultsontwo quadrupeds,namelycowsand
horses.
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Figure2. Layeredpictorial structureof a cow. Thevariouspartsbelonging
to layer 2 are shownin the top left and right image respectively. Pairwise
potentialsde�ned for every pair of parts as shownin equation(16) only
allowsvalid con�gurationsof a cow. Threesuch con�gurationsare shown
in thebottomrow.
4. Layered Pictorial Structures

Pictorial structures(PS) arecompositionsof 2D patterns,
termedparts, underaprobabilisticmodelfor theirshape,ap-
pearanceandthespatiallayout. Whencalculatingthelikeli-
hood of model parameters,a typical assumptionunderthe
PS model is that the partsdo not (partially) occludeeach
other [14]. This makes them unsuitablefor segmentation
which requiresanaccurateestimateof theposesof theparts.

In thelayeredpictorial structures(LPS) modelintroduced
in [15] (andin a similar modeldescribedin [1]), in addition
to shapeandappearance,eachpartpi is alsoassigneda layer
numberl i which determinesits relative depth.Severalparts
canhavethesamelayernumberif they areat thesamedepth.
A part pi canpartially or completelyoccludepart pj if and
only if l i > l j . The partsof an LPS arede�ned asrigidly
moving componentsof theobject. In thecaseof sideviews
of quadrupeds,this resultsin 2 layerscontainingatotalof 10
parts:head,torsoand8 half limbs (seeFig. 2). Thepartsare
obtainedasdescribedin x 4.2.

An LPS canalso be viewed asan MRF with the sitesof
the MRF correspondingto parts. Eachsite takesoneof nL

part labelswhich encodetheputative posesof thepart. Let
the part label at the i th site be t i = (x i ; yi ; � i ; � i ), where
(x i ; yi ) is thelocation,� i is theorientation,� i is thescale.

For a givenpart label t i andimageD , thei th partcorre-
spondsto the setof pixels D i � D which areusedto cal-
culatefeatureszi . Let nP be the numberof parts,si and
ai be the shapeandappearanceparametersfor part pi and
T = f t 1; :::t n P g. AssumingthatD i doesnot includepixels
accountedfor by pj , l j > l i , weget

p(Zj� ) =
i = n PY

i =1

p(zi jai ; si ); (14)

whereZ = f z1 : : : zn P g aretheimagefeatures.
LPS, likePS, arecharacterizedby pairwiseonlydependen-

ciesbetweenthesites.Thesearemodelledasa prior on the
partlabelsT :

p(T ) / exp

0

@�
i = n PX

i =1

j = n PX

j =1 ;j 6= i

� (t i ; t j )

1

A : (15)

Note that we usea completelyconnectedMRF. In our ap-
proach,thepairwisepotentials� (t i ; t j ) aregivenby a Potts
model,i.e.

� (t i ; t j ) =
�

d1 if valid con�guration
d2 otherwise;

(16)

whered1 < d2. In otherwords,all valid con�gurationsare
consideredequally likely and have a smallercost. A con-
�guration is valid providedthe relative shapeparametersof
the two poseslie within a box, i.e. if t min

ij � jt i � t j j �
t max

ij , wheret min
ij = f xmin

ij ; ymin
ij ; � min

ij ; � min
ij g andt max

ij =
f xmax

ij ; ymax
ij ; � max

ij ; � max
ij g are learnt using training video

sequencesasdescribedin x 4.2. Theposteriorof themodel
parametersis givenby

g(� jZ) /
i = n PY

i =1

p(zi jai ; si ) exp

0

@�
X

j 6= i

� (t i ; t j )

1

A (17)

Wenow describehow wemodelthelikelihoodof thepartsof
theLPS.
4.1. FeatureLik elihood for Parts

We de�ne the features Z extracted from the
pixels D . Here we use two types of features
zi (D i ) = (z1(D i ); z2(D i )) for the shape and appear-
anceof the part respectively. The likelihood basedon the
wholedatais approximatedas

p(zi jai ; si ) = p(z1jsi )p(z2jai ) (18)

wherep(z1jsi ) = exp(� z1) andp(z2jai ) = exp(� z2).
Outline (z1(D i )): In order to handlethe variability in

shapeamongmembersof an object class(e.g. horses),it
is necessaryto representthe part outline by a setof exem-
plarcurves.Chamferdistancesarecomputedfor eachexem-
plar for eachposet i . The �rst featurez1(D i ) is the mini-
mum of the truncatedchamferdistancesover all the exem-
plarsof pi at poset i . Truncatedchamferdistancemeasures
the similarity betweentwo shapesU = (u1; u2; :::un ) and
V = (v1; v2; :::vm ). It is themeanof thedistancesbetween
eachpointui 2 U andits closestpoint in V:

dcham =
1
n

X

i

minf min
j

jjui � vj jj ; � 1g; (19)

where� 1 is a thresholdfor truncationwhich reducestheef-
fect of outliers andmissingedges. Edgeorientationis in-
cludedby computingthechamferscoreonly for edgeswith
similar orientation,in order to make the distancefunction
morerobust[10]. We use8 orientationgroupsfor edges.

Texture(z2(D i )): Similar to theoutlineof apart,werep-
resentthetextureof anobjectby a setof examples.We use
the VZ classi�er [21] which obtainsa texton dictionaryby
clusteringthe vectorizedraw intensitiesof N � N neigh-
bourhoodof eachpixel in the exemplars. In this paper, we
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useN = 3. Theexemplarsarethenmodelledasahistogram
of pixel texton labellings[17]. Thefeaturez2(D i ) is de�ned
as the minimum � 2 distanceof the histogramof texton la-
bellingsfor D i with thehistogrammodellingtheexemplars.
We now describehow the LPS parametersarelearntsoasto
handleintra-classvariability in shapeandappearance.

4.2. Learning the LPS

Thevariousparametersof the LPS modelarelearntusing
themethoddescribedin [15] whichdividesascenein avideo
into rigidly moving componentsandprovidesthesegmenta-
tion of eachframe. We usethis approachon 20 cow videos
of 45 frameseach1 which givesusmultiple shapeexemplars
for eachpart requiredto computethe featurez1 andmulti-
ple textureexamplesfor calculatingz2 alongwith the layer
numbersof all parts. Furthermore,this providesuswith an
estimateof jt i � t j j, for eachframeandfor all pairsof parts
pi andpj , which is usedto computetheparameterst min

ij and
t max

ij thatde�ne valid con�gurations.
To obtain the shapeexemplarsandtexture examplesfor

horses,we use20 segmentedimagesof horses2. A point to
pointcorrespondenceis establishedover theoutlineof acow
from atrainingvideoto theoutlinesof thehorsesusingshape
context with continuityconstraint[20]. Usingthiscorrespon-
denceandthe learntpartsof the cow, thepartsof thehorse
aredetermined.Thepartcorrespondencethusobtainedmaps
the parameterst min

ij andt max
ij that were learnt for cows to

horses. In the next section,we describean ef�cient algo-
rithm for matchingtheLPS modelto theimage.

5. Sampling the LPS
Givenanimage,our objective is to matchthe LPS model

to theimageto obtainsamplesfrom thedistributiong(� jZ).
We achieve this in two stages:(i) Initialization, wherewe
�t a PS modelof theobjectto a givenimageD asdescribed
in [14] without consideringthe layer numbersof the parts,
and(ii) Re�nement, wherethe initial estimateis re�ned by
learningan RGB distribution for the objectandbackground
andcompositingthepartsin descendingorderof their layer
numberbeforesamplingfor theLPS parameters.Wedevelop
a novel algorithm for ef�cient samplingwhich generalizes
themethoddescribedin [7] to non-gridbasedMRFs.

5.1. Initial estimationof poses
We �nd theinitial estimateof theposesof the LPS for an

imageD in two stages:(i) part detection, or �nding putative
posesfor eachpartalongwith thecorrespondinglikelihoods
and,(ii) estimatingposteriorsof theputativeposes.

Part detection: The putative posesof the partsarefound
usingtreecascadeof classi�ers asdescribedin [14]. In our
experiments,we constructeda 3-level treeby clusteringthe
templatesusinga cost function basedon chamferdistance.

1CourtesyDerekMagee,Universityof Leeds
2CourtesyEranBorenstein,WeizmannInstituteof Science

We use20 exemplarsper part, with discreterotationsbe-
tween� � =4 and� =4 in intervals of 0:1 radiansandscales
between0:7 and1:3 in intervalsof 0:1.

The edgeimageof D is foundusingedgedetectionwith
embeddedcon�dence[18]. The featurez1(D i ) (truncated
chamferdistance)is computedef�ciently by usingadistance
transformof the edgeimage. The featurez2(D i ) is com-
putedonly at level 3 of thetreecascadeby ef�ciently deter-
mining the nearestneighbourof the histogramof texton la-
bellingof D i amongthehistogramof textureexamplesusing
themethoddescribedin [12].

Theputativeposest i of partspi arefoundby rejectingbad
posesby traversingthroughthe treestructurestartingfrom
therootnode.Thelikelihoodsp(D i jai ; si ) areapproximated
by featurelikelihoodsp(zi jai ; si ) shown in equation(18).

Estimating posteriors: A methodto computetheposteri-
ors of the putative posesis required. We useloopy belief
propagation(LBP) to �nd theposteriorprobabilityof pi hav-
ing a part label t i . LBP is a messagepassingalgorithmpro-
posedby Pearl[19]. It is a Viterbi-likealgorithmfor graphi-
calmodelswith loops.

Themessagethatpi passesto its neighbourpj at iteration
t is a vectorof lengthequalto the numberof discretepart
labelsnL of pj andis givenby:

m t
ij (t j )  

X

t i

p(zi jai ; si ) exp(� � (t i ; t j ))
Y

s6= i;s 6= j

m t � 1
si (t i ):

(20)
Thebeliefs(posteriors)afterT iterationsarecalculatedas:

bT (t i ) = p(zi jai ; si )
Y

s6= i

mT
si (t i ): (21)

The algorithm is said to have converged when the rate of
changeof all beliefsfallsbelow acertainthreshold.Thetime
complexity of this algorithm is O(nP n2

L ) wherenP is the
numberof partsin the LPS andnL is thenumberof putative
posesperpart. This makessamplinginfeasiblefor largenL

which is the casewith smallerpartsof the LPS modelsuch
asthehalf-limbs. Thus,we developanef�cient novel algo-
rithm for LBP for thecasewherethepairwisepotentialsare
givenby a Pottsmodelasshown in equation(16). Thealgo-
rithm exploits thefactthat thenumberof pairsof part labels
n0

L , onefor eachof the two partspi andpj , which form a
valid con�guration is muchsmallerthanthetotal numberof
suchpairs,n2

L , i.e. n0
L � n2

L . Notethata similar methodis
describedin [7] which takesadvantageof fastconvolutions
usingFFT. However, it is restrictedto MRFs with regularly
discretizedlabels,i.e. the labelslie on a grid, which is not
truefor putativeposesof partsof theLPS.

Let Ci (t j ) be the set of part labelsof pi which form a
valid pairwisecon�guration with t j . The part labelsCi (t j )
arecomputedjust oncebeforerunningLBP.
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Figure3. The�r st columnshowstheinitial estimateobtainedfor posesof
parts of a cow in two images (seex 5.1). Thehalf-limbs tend to overlap
sincelayer numbers are not used. Re�nedestimatesof the posesobtained
usingthe RGB distribution of foregroundandbackgroundtogetherwith the
LPS modelareshownin thesecondcolumn(seex 5.2).Thepartsareshown
overlaid on the image. Thethird columnshowsthe segmentationobtained
usingtheOBJ CUT algorithm(seex 6).

We de�ne

T(i; j ) =
X

t i

p(zi jai ; si )
Y

s6= i;s 6= j

mt � 1
si (t i ); (22)

which is independentof thepart label t j of pj andneedsto
becalculatedonly oncebeforepi passesamessageto pj . It is
clearfrom equation(20) thatif nopartlabelt i formsa valid
con�guration with t j , then the messagem ij (t j ) is simply
exp(� d2)T (i; j ). To computethecontribution of the labels
t i 2 Ci (t j ) in computingm ij (t j ) wede�ne

S(i; t j ) =
X

t i 2C i ( t j )

p(zi jai ; si )
Y

s6= i;s 6= j

mt � 1
si (t i ); (23)

which is computationally inexpensive to calculate since
Ci (t j ) consistsof veryfew partlabels.Themessagem t

ij (t j )
is calculatedas

mt
ij (t j )  exp(� d1)S(i; t j )+exp (� d2)(T (i; j )� S(i; t j )) :

(24)
Our methodspeedsup LBP by a factor of nearly nL . Ex-
tensionto GeneralizedPottsmodel is trivial. The beliefs
computedusingLBP allow usto determinetheMAP estimate
which providesthe initial estimateof theposesof theparts.
Fig. 3 (column1) showstheinitial estimateobtainedfor two
cow images. The initial estimateis re�ned using the LPS

modelasdescribedbelow.
5.2. Layerwisere�nement

Oncetheinitial estimateof thepartsis obtained,were�ne
it by usingthecolourof theobjectandbackgroundtogether
with theLPS model.Thecolourof theobjectandbackground
arerepresentedashistogramsH obj andH bkg of RGB values
learntusingthe initial estimate.The featurez2(D i ) is now
de�ned suchthat

p(z2jai ) =
Y

x 2 D i

p(xjH obj )
p(xjH bkg )

: (25)

The re�ned estimateof the posesare obtainedby com-
positing the partsof the LPS in descendingorder of their

layer numbersasfollows. Whenconsideringlayer l i , puta-
tive posesof thepartspj belongingto l i arefoundusingthe
treecascadeof classi�ersaroundtheinitial estimateof pj . In
our experiments,we considerlocationswhich areat mostat
adistanceof 15%of thesizeof theobjectasgivenby theini-
tial estimate.Whencomputingthelikelihoodof thepartat a
givenpose,pixelswhichhavealreadybeenaccountedfor by
a previouslayerarenot considered.Theposteriorsover the
putativeposesis computedusingtheef�cient LBP algorithm.
5.3. Sampling the LPS

One might argue that if the MAP estimateof the poses
hasa veryhigh posteriorcomparedto othercon�gurationof
poses,thenequation(13)canbeapproximatedusingonly the
MAP estimate� � insteadof the samples� 1 : : : � s . How-
ever, we found that this is not the caseespeciallywhenthe
RGB distribution of the backgroundis similar to that of the
object. Fig. 3 (column2) shows the MAP estimateof there-
�ned posesof the partsusing the initial estimateshown in
Fig. 3 (column1). Notethatthelegsof the�rst cow in Fig. 3
(column 2) are detectedincorrectly since the parts of the
backgroundhave roughlythesamecolourasthecow. Thus,
it is necessaryto usemultiple samplesof theLPS model.

Wedescribethemethodfor samplingfor 2 layers.Theex-
tensionto anarbitrarynumberof layersis trivial. To obtaina
sample� i , partsbelongingto layer2 areconsidered�rst and
theposteriorovertheirputativeposesis computedusingLBP.
Theposterioris thensampledfor posesof parts,onepartat
a time, suchthat the poseof the part beingsampledforms
a valid con�guration with the posesof the partspreviously
sampled. The processis repeatedto obtain multiple sam-
ples� i whichdonot includetheposesof partsbelongingto
layer1. This methodof samplingis ef�cient sinceCi (j ) are
pre-computedandcontainvery few part labels.ThebestnS

samples,with thehighestbelief,arechosen.
To obtaintheposesof partsin layer1 for sample� i , we

�x theposesof partsbelongingto layer2 asgivenby � i and
calculatetheposteriorovertheposesof partsin layer1 using
LBP. We samplethis posteriorfor posesof partssuchthat
they form a valid con�gurationwith theposesof thepartsin
layer 2 andwith thosepreviously sampled. As in the case
of layer 2, multiple samplesare obtainedand the bestnS

samplesarechosen.Theprocessis repeatedfor all samples
� i for layer2, resultingin a totalof n2

S samples.
However, sincecomputingthe likelihoodof the partsin

layer 1 for each� is inef�cient, we approximateby us-
ing only thoseposeswhoseoverlap with layer 2 is below
a threshold� . Fig. 4 shows someof the samplesobtained
usingtheabove methodfor cows shown in Fig. 3. We now
describetheOBJ CUT algorithmfor segmentation.
6. Estimation, OBJ CUT

GivenanimageD containinganinstanceof a known ob-
jectcategory, andthesamples� 1 : : : � s of theLPS parame-
ters,wewishto obtainthesegmentationof theobject,i.e. in-
fer labelsm. We now presenttheOBJ CUT algorithmwhich
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Figure4. Posteriors over the putativeposesof partsare calculatedusing
LBP. Theposterior is thensampledto obtain instancesof the object (see
x 5.3) . Thehalf-limbsaredetectedcorrectlyin somesamples.
providesreliablesegmentationusingboth (a) modelledand
(b) unmodelleddeformationsof articulatedobjectcategories.
Modelled deformations. Thesearetaken into accountby
theLPS modelwhichusesmultipleshapeexemplarsfor each
partandallowsfor all valid con�gurationsof theobjectcate-
goryusingpairwisepotentials� (t i ; t j ). Thevarioussamples
� i localizethe partsof the object in the image. They also
provideuswith re�ned estimatesof thehistogramsH obj and
H bkg whichmodeltheappearanceof the�gure andground.
Unmodelled deformations. Theseare accountedfor by
merging pixels surroundingthe objectwhich aresimilar in
appearanceto the object. Only thosepixels which lie in a
`band' surroundingtheoutlineof theobjectareconsidered.
Thewidth of thebandis 10%of thesizeof theobjectasspec-
i�ed by thesampleof theLPS. Pointslying insidetheobject
aregivenpreferenceover thepointssurroundingtheobject.
As is thecasewith MRF-basedsegmentations,boundariesare
preferredaroundimageedges.

The segmentationis obtainedby minimizing equation
(13)usingtheMINCUT algorithm.Thevarioustermsin equa-
tion (13)arede�ned asfollows. Theweightswi areapproxi-
matedaswi � g(� i jZ). Thedatalikelihoodterm� (D jmx )
is computedusingequation(3). Thecontrasttermis givenby
equations(4) and(6). Thefunction� (mx j� i ) is de�ned by
equation(8). Table1 summarizesthemainstepsof obtaining
thesegmentationusingtheOBJ CUT algorithm.

The �gure-ground labelling m obtained as described
above canbe usediteratively to re�ne the segmentationus-
ing the EM algorithm. However, we foundthat this doesnot
result in a signi�cant improvementover the initial segmen-
tationsasthe samples� 1 : : : � s do not changemuchfrom
oneiterationto the other. We presentseveral resultsof the
OBJ CUT algorithmin thenext sectionandcompareit with
astate-of-the-artmethodandgroundtruth.

1. GivenanimageD, anobjectcategory is chosen,e.g.cows or horses.
2. ThecorrespondingLPS modelis matchedto D to obtainthesamples

� 1 : : : � s .
3. Theobjective functiongivenby equation(13) is determinedby com-

puting	 3 (m ; � i ) andusingw i � g(� i jZ ).
4. Theobjective functionis minimizedusingasingleMINCUT operation

to obtainthesegmentationm.

Table1: TheOBJ CUT algorithm

7. Results
We presentthe segmentationresultsobtainedusingOBJ

CUT for cows and horses. In all our experiments,we set

the valuesof the parametersasP = � = 0:1, � = 5 and
� = 0:2. Fig 3 (column3) showstheresultsof theOBJ CUT

algorithmfor two cow images.Figure5 shows thesegmen-
tation of variousimagesof cows andhorses.Theseimages
were manuallysegmentedto obtain groundtruth for com-
parison.For thecow images,out of the125,362foreground
pixelsand472,670backgroundpixelspresentin theground
truth,120,127(95.82%)and466,611(98.72%)werepresent
in thesegmentationsobtained.Similarly, for thehorsesim-
ages,out of the79,860foregroundpixelsand151,908back-
groundpixels presentin the groundtruth, 71,397(89.39%)
and151,185(99.52%)werepresentin thesegmentationsob-
tained.In thecaseof horses,mosterrorsaredueto unmod-
elled maneandtail parts. Resultsindicatethat, by consid-
eringbothmodelledandunmodelleddeformations,excellent
resultswereobtainedby OBJ CUT.

Figure6 shows a comparisonof thesegmentationresults
obtainedwhenusingOBJ CUT with astate-of-the-artmethod
for objectcategory speci�c segmentationdescribedin Leibe
andSchiele[16]. Notethatasimilarapproachwasdescribed
in [4]. The OBJ CUT algorithmprovidesbettersegmenta-
tionsusingsigni�cantly smallernumberof exemplarsby ex-
ploiting the ability of MINCUT for providing excellentseg-
mentationsusingagoodinitializationobtainedby LPS.
8. Summary and Conclusions

We presenteda new model, called the Object Category
Speci�c MRF, which combinesthe LPS andthe MRF model
to performobjectcategory speci�c segmentation. Reliable
segmentationis obtainedusing OBJ CUT, which considers
both modelleddeformation,provided by the LPS, and un-
modelleddeformation. An ef�cient methodfor LBP is de-
velopedwhich, togetherwith the MINCUT, makesOBJ CUT

computationallyfeasible.Themethodneedsto beextended
to handlemultiplevisualaspectsof anobjectcategoryandto
dealwith partialocclusion.
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