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Abstract
In this paper we presenta principled Bayesianmethod

for detectingand sggmentingnstance®f a particular object
categgory within animage, providinga coheentmethodolgy
for combiningtop downandbottomup cues.Theworkdraws
togethertwo powerfulformulations:pictorial structues(ps)
and Markov random elds (MRFs) both of which haveef-
cientalgorithmsfor their solution. Theresultingcombina-
tion, which we call the Object Category Speci ¢ MRF, sug-
gestsa solutionto the problemthat haslong dogged MRFs
namelythat they providea poor prior for speci ¢ shapesin
contrast,our modelprovidesa prior thatis global acrossthe
image planeusingthe ps. We developan efcient method,
OBJ CuT, to obtain segmentationaisingthis model. Novel
aspectofthismethodncludean ef cient algorithmfor sam-
pling the Ps model,andtheobservatiorthatthe expectedog
likelihood of the modelcan be increasedby a single graph
cut. Resultsare presentedon two object categories, cows
and horses.We compae our methoddo the stateof the art
in objectcategory speci ¢ image segmentationand demon-
strate signi cant improvements.

1. Intr oduction

ImageSegmentatiorhasseerrenavedinterestin the eld
of ComputerVision, in part duethe arrival of new ef cient
algorithmsto performthesggmentatiorf5], andin partdueto
theresugenceof interestin objectrecognition2, 8, 9]. Seg-
mentationfell from favour partly dueto an excessof papers
attemptingo solveill posedoroblemswvith nomeanof judg-
ing theresult. Interleaved objectrecognitionand segmenta-
tion [4, 16] is both well posedand of practicaluse. Well
posedin thatthe resultof the sggmentationcanbe quantita-
tively judgede.g.how mary pixels have beencorrectlyand
incorrectlyassignedo the object. Of practicalusebecause
(a)themoreaccuratelytheimagecanbesegmented¢hemore
accuratgherecognitionresultswill be,and(b)imageediting
toolscanbedesignedhatprovide a “power assistto cut out
applicationdike "Magic Wand', e.g.| know thisis a horse,
pleasesggmentit for me,without the painof having to man-
ually delineatehe boundary
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Markov RandomFields (MRFs) provide a useful model
of imagesfor sggmentationand their prominencehasbeen
increasedy the availability of ef cient publically available
codefor their solution. The work of Boykov andJolly [5]
strikingly demonstratethatwith the minimumof userassis-
tanceobjectscan be rapidly segmented. However samples
from the Gibbsdistribution de ned by the MRF very rarely
give rise to realistic shapesand on their own MRFs areill
suitedto segmentingobjects. Whatis requiredis a way to
inject prior knowledgeof objectshapeinto the MRF. Within
this paperwe derive a Bayesiarway of doingthis in which
theprior knowledgeis providedby a Pictorial Structureg(Ps).
Pictorial Structureg6] andtherelatedConstellatiorof Parts
model[8] have provento behighly successfulor thetaskof
objectrecognition. We castthe problemof objectcategory
speci ¢ sggmentationas that of estimatingan MRF (repre-
sentingbottomup information)which is in uenced by a set
of latentvariables,the Ps (representingop down informa-
tion), encouraginghe MRF to resemblethe object. Unlike
MRFs, which modelthe prior using pairwise potentials,the
PS modelprovidesa prior overtheshapeof the sgmentation
thatis globalacrosgheimageplane.

In contrastto previous approache$4, 16|, our method
providesa principled probabilisticapproachwhich candeal
with largeobjectdeformationsndarticulationswithouthav-
ing to resortto the computationainef ciency of hundredof
exemplars. The basisof our methodaretwo new theoreti-
cal/algorithmiccontributions: (1) we make the (not obvious)
obsenation that the expectationof the log likelihoodof an
MRF with respecto somelatentvariablescanbe ef ciently
optimizedwith respecto the labelsof the MRF by a single
graphcut optimization;(2) we provide a highly ef cient al-
gorithmfor mamginalizing or optimizing the latentvariables
whenthey area ps following a Pottsmodel.

Thepaperis organizedasfollows. In Section2 the proba-
bilistic MRF modelof theimageis describedn broadterms.
Section3 givesanoverview of anef cient methodfor solv-
ing thisprobabilisticM RF modelfor gure-groundlabellings.
In section4 the layeredpictorial structures(LPs) modelis



describedwhich extendsthe Ps modelsothatit handlegar
tial self occlusion.How to getaninitial estimateof the LPs
is givenin section5. The OBJ CuT algorithmis described
in section6. Resultsare shavn for two object cateories,
namelycows andhorsesanda comparisorwith othermeth-
odsis givenin section?.

2. Object Category Speci c MRF

In this sectionwe describethe MRF modelthatformsthe
basisof the paper We build uponandformally specifypre-
viouswork on seggmentatiorproviding a Bayesiangraphical
modelfor work thathaspreviously beenspeci edin termsof
enepy functions[5]. Notablytherearetwo issueso be ad-
dressedn this section(i) how to encouragéhe segmentation
to follow edgeswithin the image,(ii) how to encouragéhe
segmentatiorto look lik e anobject.

GivenanimageD containinganinstanceof a known ob-
ject category, e.g.cows, we wish to sgmentthe imageinto

gure, i.e. pixels belongingto the object, and ground i.e.
the background.Taking a Bayesiarperspectie, we de ne a
setof binarylabels,m, onelabelmy for eachpixel x, that
optimizesthe posteriorprobability givenby the Gibbsdistri-
bution

7p(DLTD)';)(m) = iexp( (m));

Zm
whereZ, isthenormalizingconstan(or partitionfunction).
Theenepgy is de ned by the summatiorof clique potentials:
!

p(mjD) = 1)

(Djmy) +
x y

1(m) = (my;my) 5 (2)

wherey is a neighbouringpixel of x. Thelikelihoodterm
(Djmy) is the emissionmodelfor oneor more pixelsand
is givenby

(Djm,) = log(p(x 2 gurejHoy)) if my=1
M) = log(p(x 2 groundH pkg)) if my = 0;
(3

whereHg, and Hpkg are the RGB distributions for fore-
groundandbackgroundespectiely. The prior (my;my)
takestheform of anlsing model:

P if
o if

my 6 my;

(My;my) = My = My:

(4)

In the MRFs usedfor imagesegmentationa contrasterm
is usedto favour pixelswith similar colour having the same
label [3, 5]. This is doneby reducingthe cost within the
Ising modelfor two labelsbeing differentin proportionto
the differencein intensitiesof their correspondingpixels

egby (xy)= exp LU L whereg?(x;y)

measureshe differencein the RGB valuesof pixels x and
y anddist(x;y) gives the spatial distancebetweenx and
y [3, 5]. However, thishaspreviouslynotbeengivenaproper

Bayesiarformulationwhich we now address.It cannot be
includedin the prior, for the prior term cannotinclude the
data. Ratherit leadsto a pair wise linkage betweenneigh-
bouring labels and their pixels as shavn in the graphical
modelgivenin gure 1. The enegy function of this MRF

is of theform
[

X . X .
2(m) = (Dimx)+  ( (Djmx;my) +  (Mx;my))
X y
®)
Thecontrastermof the enegy functionis givenby:
Lo _ (x;y) if my 6 my;
(Dimx;my) = 0 if me=my; ©

MRF-based segmentation techniqueswhich use MIN-
cuT [13] have achieved excellentresults[3, 5] with manual
initialization. However, dueto the lack of a shapemodel,
thesemethodsdo not work sowell for automaticsegmenta-
tion. Wewouldlik eto usethepawerof theMinCut algorithm
for interleavedobjectrecognitionandsegmentationin some
sensethe resultof the recognitionwill replacethe userin-
terventions.In orderto achieve this we introducea stronger
shapemodelto the MRF and marry the two together This
shapemodelwill supplya setof latentvariables, , which
will favour segmentationsof a speci ¢ shape,as shovn in
the graphicalmodeldepictedin gure 1. We call this new
MRF modelthe ObjectCategory Speci ¢ MRF, which hasthe
following enegy function:

P
)= o (@im)+ (myj )+
y  C(Dimmy) + - (myx;my))) (7)

3(m;

with posteriorp(m; jD) = % exp(  3(m; )). The
function (myj ) is chosersothatif we weregivenanes-
timate of the location and shapeof the object, then pixels
falling nearto thatshapewnould morelik ely have objectlabel
andvice versa.lt hastheform:

(Myj )= logp(myj ): (8)
In this paperwe chooseo de ne p(myj ) as
. 1
P(Mx = gurej )= o=t dax )
andp(my = ground ) = 1 p(myx = gurej ), where

d(x; ) is thedistanceof a pixel x from the shapede ned
by (beingnegativeif insidethe shape).The parameter
determineshow muchthe points outsidethe shapeare pe-
nalizedcomparedo the pointsinsidetheshape Noteenegy
function 3(m; ) canstill beminimizedviamiNcuT [13].
In this paperwe combinethe ContrastDependentRF
with thelayeredpictorial structuregL PS) model[15] (ourex-
tensionof the pictorial structure ps model[6]), howeverwe
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Figure 1. Graphical modelrepresentatiorof the ObjectCategory Speci ¢
MRF. Theconnectionsntroducingthe contrasttermare shownin red. Note
thatsomeof theseconnectionggoingdiagonally) are notshownfor thesale
of clarity of theimage. Thelabelsm lie in a plane Togetherwith the pixels
shownabove this plane theseform the contrast-dependent1RF usedfor
segmentationln additionto these ObjectCateyory Speci ¢ MRF malesuse
of anunderlyingshapeparameterin the form of an Lps model(shownlying
belowtheplane). TheL ps modelguidesthesegmentatiortowardsa realistic
shapecloselyresemblinghe objectof interest.
obsene that the methodologybelow is completelygeneral
andcouldbe combinedwith ary sortof latentshapemodel.
Theoptimal gure-groundlabellingshouldbeobtainedoy
integratingoutthelatentvariable . Thesurprisingresultof
this papelis thatthisratherintractabldooking integral canin
factbe optimizedby a simpleand computationallyef cient
setof operationsln orderto do this, we needto demonstrate
two things: (i) Thatgivenan estimateof m we cansample
efciently for . Thiswe shalldemonstratdor the caseof
LpPs andin x5.1we describeanew algorithmfor ef cient cal-
culationof the maginal distribution for a non regular Potts
model(complementinghe resultof Felzenszwalb and Hut-
tenlocher{7]). (ii) Thatgiventhe distributionof  we can
efciently optimizem so asto increasethe posterior For
a MRF this is not immediatelyobvious, however we shall
demonstrat¢his in the next section.

3. Roadmapof the Solution

For the problemof segmentatiorthe parametersn areof
immediateinterestandthe Em framework providesa natural
way to dealwith the latentparameters [11] by treating
themasmissingdata.Thelog posteriordensityof m is given

by
logp(mjD) = logp( logp( jm;D);

wherep( ;mjD) = %exp( 3(m; )). Theem frame-
work iteratively re nes the estimateof m by maminalizing
the latentparameters . Giventhe currentguessof the la-
belingm?® wetreat asarandomvariablewith the distri-
butionp( jm®D). Averagingover yields

E(logp( jm;D));
(11)

O (shape parameter)

:mjD) (10)

logp(mjD) = E(logp( ;mjD))

where E is the averagingover  under the distribution
p( jm%D).

Thekey resultof Em is thatsecondermon theright side
of equation(11) is minimizedwhenm = m©® Thus,choos-

ing anew labellingm which maximizes

Z
;mjD)) = (logp( ;mjD))p( jm%D)@
(12)
increasedhe posteriorp(mjD). This expressionis called
Q(mjm9, the expectedcomplete-datéog-likelihood,in the
EM literature.

In x5.1 it will be shavn that we can ef ciently sample
from aPs which suggesta samplingbasedsolutionto max-
imizing (12). Let the setof s sampleshe 1::: s, with
weightsp( ijm%D) = w;, thenthe correspondingmini-
mizationcanbewritten as

E(log p(

s
m=argmin - wi s(m; )
i=1

(13)

Thisis thekey equatiorof ourapproachSection6 describes
anef cient methodfor minimizing the enegy function (13).
We obsenrethatthis enegy functionis aweightedinearsum
of the enegies 3(m; ) which, beinga linear combina-
tion, canalsobeoptimizedusingMINcUT [13]. Thisdemon-
stratesthe interestingresultthat for Markov random elds,
with latentvariables,it is computationallyfeasibleto opti-
mizeQ(mjm?).

The Em algorithm often cornvergesto a local minima of
theenegy functionandits successlepend®n theinitial la-
bellingm? (i.e. thelabellingmatthe rst iteration). In the
last sectiona generatie graphicalmodelfor pixel by pixel
segmentationwas setup. However, it would be computa-
tionally extravagantto attemptto minimize this straightoff.
Ratheran initialization stageis adoptedin which we geta
roughestimateof the object's posteriorextractedfrom a set
of imagefeaturesZ, de ned in x 4.1. Imagefeatureg(such
astextonsandedges)kanprovide high discriminationat low
computationatost. We approximatethe initial distribution
po( jm;D), asg( jZ), whereZ aresomeimagefeatures
chosento localize the objectin a computationallyef cient
manner Thus,the weightsw; requiredto evaluateequation
(13)onthe rst EM iterationareobtainedoy samplingfrom
thedistributiong( jZ), de nedin Sectior4.

The next sectiondescribeghe LPs modelin detail. In the
remainderof the paper we describean ef cient methodto
obtainthe samplesfrom the posteriorof a Ps modelrequired
for the marginalizationin equation(13), andthe OBJ CuT
algorithmwhich re-estimateshe labellingm by minimizing
equation(13). Thesemethodsare applicableto ary articu-
latedobjectcategory which canbe modelledusingLps. We
demonstrat¢éheresultsontwo quadrupedsjamelycowsand
horses.



Figure2. Layeedpictorial structue of 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 Threesud con gurationsare shown
in the bottomrow,

4. Layered Pictorial Structures

Pictorial structureqps) arecompositionf 2D patterns,
termedparts, undera probabilisticmodelfor their shapeap-
pearancendthe spatiallayout. Whencalculatingthe lik eli-
hood of model parametersa typical assumptiorunderthe
PS modelis that the partsdo not (partially) occludeeach
other[14]. This makes them unsuitablefor sgmentation
whichrequiresanaccurateestimateof the posesf theparts.

In thelayeredpictorial structuregLPs) modelintroduced
in [15] (andin a similar modeldescribedn [1]), in addition
to shapeandappearancesachpartp; is alsoassigned layer
numberl; which determinests relative depth. Several parts
canhavethesamdayernumbeiif they areatthesamedepth.
A partp; canpartially or completelyoccludepartp; if and
only if I; > lj. The partsof anLPs arede ned asrigidly
moving component®f the object. In the caseof sideviews
of quadrupedshisresultsin 2 layerscontainingatotal of 10
parts:headtorsoand8 half limbs (seeFig. 2). Thepartsare
obtainedasdescribedn x 4.2.

An LPs canalso be viewed as an MRF with the sitesof
the MRF correspondindo parts. Eachsitetakesoneof ni
partlabelswhich encodethe putative posesof the part. Let
the part label at the i!" sitebet; = (Xi;yi; i; i), where
(xi;y;) isthelocation, ; istheorientation, ; isthescale.

For agivenpartlabelt; andimageD, thei®™ partcorre-
spondsto the setof pixels D D which areusedto cal-
culatefeaturesz;. Let np be the numberof parts,s; and
a; bethe shapeandappearanc@arametergor partp; and
T = ftq;::th, g. AssumingthatD; doesnotincludepixels
accountedor by p;, l; > i, weget

iynp
pzi )=

i=1

p(zijai;si); (14)
whereZ = fz; :::z,, g aretheimagefeatures.

LPs, like Ps, arecharacterizetly pairwiseonly dependen-
ciesbetweerthe sites. Thesearemodelledasa prior on the
partlabelsT :

0 1
anp anp
p(T)/ exp@ (tist))A
i=1 j=1;j6i

(15)

Note that we usea completelyconnectedvrF. In our ap-
proachthe pairwisepotentials (t;;t;) aregivenby aPotts
model,i.e.

dp

if valid con guration
tit) = o ?

otherwise (16)

whered; < d,. In otherwords,all valid con gurationsare
consideredequally likely and have a smallercost. A con-
guration is valid providedthe relative shapeparametersf
the two poseslie within a box, i.e. if t{j“‘” it ]
tirjnax ’Wheretirjnin - fxirjnin ;yirjnin : irjnin : irjnin gandtirjnax -
fX s @5 " g are learnt using training video
sequenceasdescribedn x 4.2. The posteriorof the model
parameterss givenby

0 1

(tist;)A
i6i

. iYnP .
o( jz)! p(zijai;si) exp@

i=1

(17)

We now describenow we modelthelik elihoodof the partsof
theLpPs.
4.1 Feature Lik elihood for Parts

We dene the features Z extracted from the
pixels D. Here we use two types of features
zi(Di) = (z1(Di);z2(Dy)) for the shape and appear
anceof the part respectrely. The likelihood basedon the
wholedatais approximateds

p(zijai;si) = p(zijsi)p(zzjai) (18)

wherep(zijsi) = exp( z1) andp(zzjai) = exp( z2).

Outline (z1(Dj)): In orderto handlethe variability in
shapeamongmembersof an object class(e.g. horses),it
is necessaryo representhe part outline by a setof exem-
plar curves.Chamferdistancesarecomputedor eachexem-
plar for eachposet;. The rst featurez;(D;) is the mini-
mum of the truncatedchamferdistancever all the exem-
plarsof p; atposet;. Truncatedchamferdistancemeasures
the similarity betweentwo shapedJ = (uj;uz;:::u,) and
V = (v1;V2;::Vm). It is the meanof the distancedetween
eachpointu; 2 U andits closestpointin V:

X
decham = ﬁ |

minf m]_injjui viii; 10; (19)
where ; is athresholdfor truncationwhich reduceghe ef-
fect of outliers and missingedges. Edge orientationis in-
cludedby computingthe chamferscoreonly for edgeswith
similar orientation,in orderto make the distancefunction
morerobust[10]. We use8 orientationgroupsfor edges.
Texture (z2(D;)): Similartotheoutlineof apart,werep-
resentthe texture of an objectby a setof examples.We use
the VZ classi er [21] which obtainsa texton dictionary by
clusteringthe vectorizedraw intensitiesof N N neigh-
bourhoodof eachpixel in the exemplars. In this paper we



useN = 3. Theexemplarsarethenmodelledasa histogram
of pixel textonlabellings[17]. Thefeaturez,(D;) is de ned
asthe minimum 2 distanceof the histogramof texton la-
bellingsfor D; with the histogrammodellingthe exemplars.
We now describehow the LPS parametersirelearntsoasto
handleintra-classvariability in shapeandappearance.

4.2 Learning the LPS

Thevariousparametersf the LPS modelarelearntusing
themethoddescribedn [15] whichdividesascenén avideo
into rigidly moving componentandprovidesthe sggmenta-
tion of eachframe. We usethis approacton 20 cow videos
of 45 frameseach which givesus multiple shapesxemplars
for eachpart requiredto computethe featurez; and multi-
ple texture examplesfor calculatingz, alongwith the layer
numbersof all parts. Furthermorethis providesus with an
estimateof jt;  t; ], for eachframeandfor all pairsof parts
pi andp; , whichis usedto computethe parameters{j‘“” and
tj"® thatde ne valid con gurations.

To obtainthe shapeexemplarsandtexture examplesfor
horseswe use20 sggmentedmagesof horsed. A pointto
pointcorrespondends establisheavertheoutlineof acow
from atrainingvideoto theoutlinesof thehorsesusingshape
context with continuityconstrain{20]. Usingthiscorrespon-
denceandthe learntpartsof the cow, the partsof the horse
aredeterminedThepartcorrespondencinusobtainednaps
the parameters i’j“‘” andt{™® thatwerelearntfor cows to
horses. In the next section,we describean ef cient algo-
rithm for matchingthe Lps modelto theimage.

5. Samplingthe LPS

Givenanimage,our objective is to matchthe LPs model
to theimageto obtainsampledrom thedistributiong( jZ).
We achieve this in two stages:(i) Initialization, wherewe

t apPs modelof the objectto a givenimageD asdescribed
in [14] without consideringthe layer numbersof the parts,
and (ii) Re nementwherethe initial estimateis re ned by
learningan RGB distribution for the objectandbackground
andcompositingthe partsin descendingrderof their layer
numberbeforesamplingfor the L PS parametersWe develop
a novel algorithmfor ef cient samplingwhich generalizes
themethoddescribedn [7] to non-gridbasedvRrFs.

5.1 Initial estimationof poses

We nd theinitial estimateof the posesof the LPs for an
imageD in two stages{i) part detectionor nding putatve
posedor eachpartalongwith the correspondingk elihoods
and,(ii) estimatingposterioss of the putative poses.

Part detection: The putative posesof the partsare found
usingtreecascadeof classi ers asdescribedn [14]. In our
experimentswe constructeda 3-level treeby clusteringthe
templatesusing a costfunction basedon chamferdistance.

1CourtesyDerekMagee University of Leeds
2CourtesyEranBorensteinWeizmanninstituteof Science

We use 20 exemplarsper part, with discreterotationsbe-
tween =4 and =4 in intervalsof 0:1 radiansandscales
betweerD:7 and1:3in intervalsof 0:1.

The edgeimageof D is found usingedgedetectionwith
embeddedcon dence[18]. The featurez;(D;) (truncated
chamferdistance)s computedef ciently by usingadistance
transformof the edgeimage. The featurez,(D;) is com-
putedonly atlevel 3 of thetreecascaddoy ef ciently deter
mining the nearesneighbourof the histogramof texton la-
bellingof D; amongthehistogranof textureexamplesusing
themethoddescribedn [12].

Theputatveposeg; of partsp; arefoundby rejectingbad
posesby traversingthroughthe tree structurestartingfrom
therootnode.Thelikelihoodsp(Dija;; si) areapproximated
by featurelikelihoodsp(zija;; si) shavnin equation(18).

Estimating posteriors: A methodto computethe posteri-
ors of the putative posesis required. We useloopy belief
propagatior(LBP) to nd theposteriorprobabilityof p; hav-
ing apartlabelt;. LBP is a messag@assingalgorithmpro-
posedby Pearl[19]. It is a Viterbi-like algorithmfor graphi-
calmodelswith loops.
Themessag¢hatp; passeso its neighbourp; atiteration
t is a vectorof lengthequalto the numberof discretepart
labelsn, of p; andis givenby:
mj (t;)

p(zijai;si)exp(  (ti;t;)) m§ (i)

ti s6is6j
(20)
Thebeliefs(posteriorshfterT iterationsarecalculatedas:
T ; Y T
b’ (ti) = p(zijai;si)  mg(ti):
s6i

(21)

The algorithmis said to have corverged when the rate of
changeof all beliefsfallsbelow a certainthreshold.Thetime
complexity of this algorithmis O(np n?) wherenp is the
numberof partsin theLps andn, is the numberof putative
posesper part. This makessamplinginfeasiblefor largen,
which is the casewith smallerpartsof the LPs modelsuch
asthe half-limbs. Thus,we developanef cient novel algo-
rithm for LBP for the casewherethe pairwisepotentialsare
givenby a Pottsmodelasshavn in equation(16). The algo-
rithm exploits the factthatthe numberof pairsof partlabels
n?, onefor eachof the two partsp; andp;, which form a
valid con gurationis muchsmallerthanthe total numberof
suchpairs,n?,i.e.n®  nZ. Notethata similar methodis
describedn [7] which takesadvantageof fastconvolutions
using FFT. However, it is restrictedto MRFs with regularly
discretizedabels,i.e. the labelslie on a grid, which is not
truefor putative posesof partsof theLpPs.

Let G(tj) be the setof partlabelsof p; which form a
valid pairwisecon gurationwith t;. The partlabelsG (t;)
arecomputedust oncebeforerunningLBp.



Figure3. The r stcolumnshowstheinitial estimateobtainedfor posesof
parts of a cow in two images (seex 5.1). The half-limbstendto overlap
sincelayer numbes are not used. Re ned estimatef the posesobtained
usingthe RGB distribution of foregroundand badgroundtogetherwith the
LPs modelare shownin thesecondcolumn(seex 5.2). Thepartsare shown
overlaid on theimage. Thethird columnshowsthe segmentationobtained
usingthe OBJ CuT algorithm(seex 6).

We de ne

. . X -
T3 )= p(zijai;si)
ti s6is6j

mg ') (22)

which is independenbf the partlabelt; of p; andneedsto
becalculatednly oncebeforep; passessmessagéop; . It is
clearfrom equation(20) thatif no partlabelt; formsavalid
con guration with t;, thenthe messagen;; (tj) is simply
exp( d2)T(i;j). To computethe contribution of the labels
ti 2 G(t;) in computingm; (t;) wede ne

mg Yti);

S(i; tj) = p(zijai;si) (23)

tiZCi(tJ‘) s6is6]

which is computationallyinexpensve to calculate since
G (t;) consistof veryfew partlabels.The messagm}j (tj)
is calculatedas
mi (t;)  exp( da)S(i; t;)rexp( da)(T(ij) S(ist;)):
(24)

Our methodspeedsup LBP by a factorof nearlyn, . Ex-
tensionto GeneralizedPotts model is trivial. The beliefs
computedusingLBP allow usto determinghe MAP estimate
which providesthe initial estimateof the posesof the parts.
Fig. 3 (column1) shawvstheinitial estimateobtainedfor two
cow images. The initial estimateis re ned usingthe LPS
modelasdescribeelow.
5.2 Layerwisere nement

Oncetheinitial estimateof thepartsis obtainedwere ne
it by usingthe colour of the objectandbackgroundogether
with theLPs model. Thecolourof theobjectandbackground
arerepresente@shistogramsH o,; andHpkg Of RGB values
learntusingtheinitial estimate.The featurez,(D;) is how
de ned suchthat

Y p(xiHob) .

- : 25
o PO i) (29)

p(zzjay) =

The re ned estimateof the posesare obtainedby com-
positing the parts of the LPs in descendingorder of their

layer numbersasfollows. Whenconsiderindayerl;, puta-
tive posesof the partsp; belongingto |; arefoundusingthe
treecascadef classi ersaroundtheinitial estimateof p; . In

our experimentswe considefdocationswhich areat mostat
adistanceof 15%o0f thesizeof theobjectasgivenby theini-

tial estimate Whencomputingthelikelihoodof the partata
givenpose pixelswhich have alreadybeenaccountedor by
a previous layer arenot considered.The posteriorsover the

putative posesds computedusingtheef cient LBP algorithm.
5.3 Samplingthe LpPs
One might amgue that if the MAP estimateof the poses

hasa very high posteriorcomparedo othercon guration of
posesthenequation13) canbeapproximatedisingonly the
MAP estimate  insteadof thesamples ;::: . How-
ever, we found that this is not the caseespeciallywhenthe
RGB distribution of the backgrounds similar to that of the
object. Fig. 3 (column2) shows the MAP estimateof there-
ned posesof the partsusingthe initial estimateshovn in
Fig. 3 (columnl). Notethatthelegsof the rst cow in Fig. 3
(column 2) are detectedincorrectly since the parts of the
backgrounchave roughly the samecolourasthe cow. Thus,
it is necessaryo usemultiple sampleof the LPs model.

We describeéhemethodfor samplingfor 2 layers. Theex-
tensionto anarbitrarynumberof layersis trivial. To obtaina
sample ;, partsbelongingto layer2 areconsideredrst and
theposteriorovertheir putative posess computedisingLBP.
The posterioris thensampledor posesof parts,onepartat
a time, suchthat the poseof the part being sampledforms
a valid con guration with the posesof the partspreviously
sampled. The processis repeatedo obtain multiple sam-
ples ; whichdonotincludethe posef partsbelongingto
layer 1. This methodof samplingis ef cient sinceG (j) are
pre-computed@ndcontainvery few partlabels. The bestns
sampleswith the highestbelief, arechosen.

To obtainthe posesof partsin layer 1 for sample i, we
x theposeof partsbelongingto layer2 asgivenby ; and
calculatethe posteriorovertheposef partsin layer1 using
LBP. We samplethis posteriorfor posesof partssuchthat
they form avalid con gurationwith the poseof the partsin
layer 2 andwith thosepreviously sampled. As in the case
of layer 2, multiple samplesare obtainedand the bestng
samplesarechosen.The procesds repeatedor all samples

i for layer2, resultingin atotal of n% samples.

However, sincecomputingthe likelihood of the partsin
layer 1 for each is inefcient, we approximateby us-
ing only thoseposeswhoseoverlap with layer 2 is belov
athreshold . Fig. 4 shavs someof the samplesobtained
usingthe abose methodfor cows shown in Fig. 3. We now
describeghe OBJ CUT algorithmfor sggmentation.

6. Estimation, OBJ CUT

GivenanimageD containinganinstanceof a known ob-
jectcategory, andthesamples ;::: ¢ of theLpPs parame-
ters,we wishto obtainthe segmentatiorof the object,i.e. in-
fer labelsm. We now presenthe OBJ CuT algorithmwhich



Figure4. Posterioss over the putativeposesof parts are calculatedusing
LBP. Theposterioris thensampledto obtain instancesof the object(see

x 5.3). Thehalf-limbsare detecteccorrectlyin somesamples.
providesreliable sggmentationusingboth (a) modelledand

(b) unmodelledieformation®f articulatedobjectcategories.
Modelled deformations. Thesearetakeninto accountby

theLPs modelwhich usesmultiple shapesxemplarsfor each
partandallowsfor all valid con gurationsof the objectcate-
goryusingpairwisepotentials (t;;t;). Thevarioussamples

i localizethe partsof the objectin theimage. They also
provide uswith re ned estimate®f thehistogramdH ,,; and

Hukg Whichmodelthe appearancef the gure andground.
Unmodelled deformations. Theseare accountedfor by

melging pixels surroundingthe objectwhich are similar in
appearanc¢o the object. Only thosepixels which lie in a
“band' surroundingthe outline of the objectare considered.
Thewidth of thebandis 10%of thesizeof theobjectasspec-
i ed by thesampleof theLPs. Pointslying insidethe object
aregiven preferenceover the pointssurroundingthe object.
Asisthecasewith MRF-basedbseggmentationshoundariesre
preferredaroundimageedges.

The sggmentationis obtainedby minimizing equation
(13)usingthemiINcuUT algorithm. Thevarioustermsin equa-
tion (13) arede ned asfollows. Theweightsw; areapproxi-
matedasw; g( ijZ). Thedatalikelihoodterm (Djmy)
is computedisingequation(3). Thecontrastermis givenby
equationg4) and(6). Thefunction (myj ;) isde ned by
equation(8). Tablel summarizeshemainstepsof obtaining
the sggmentatiorusingthe OBJ CuT algorithm.

The gure-ground labelling m obtained as described
above canbe usediteratively to re ne the sggmentationus-
ing the EM algorithm. However, we found thatthis doesnot
resultin a signi cant improvementover the initial sggmen-
tationsasthesamples ;::: s donotchangemuchfrom
oneiterationto the other We presentseveral resultsof the
OBJ CuT algorithmin the next sectionandcompareit with
a state-of-the-annethodandgroundtruth.

1. GivenanimageD, anobjectcatgory is choseng.g.cons or horses.
2. Thecorresponding Ps modelis matchedo D to obtainthe samples

1010 s,
3. Theobjectve functiongiven by equation(13) is determinedy com-
puting 3(m; ;) andusingw; g( ijZ).

4. Theobjectve functionis minimizedusingasingleMINCUT operation
to obtainthe segmentatiorm.

Table1: TheOBJ CuT algorithm

7. Results
We presentthe segmentationresultsobtainedusing OBJ

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

the valuesof the parameterasP = = 0:1, = 5and

= 0:2. Fig 3 (column3) shavs theresultsof the OBJ CuT
algorithmfor two cow images.Figure5 shows the sggmen-
tation of variousimagesof cows andhorses.Theseimages
were manually segmentedto obtain groundtruth for com-
parison.For the cow images,out of the 125,362foreground
pixelsand472,670backgroundpixels presentn the ground
truth, 120,127(95.82%)and466,611(98.72%)werepresent
in the sggmentationobtained. Similarly, for the horsesm-
agesutof the 79,860foregroundpixelsand151,908back-
groundpixels presentin the groundtruth, 71,397(89.39%)
and151,185(99.52%)werepresenin the sgmentation®b-
tained. In the caseof horsesmosterrorsaredueto unmod-
elled maneandtail parts. Resultsindicatethat, by consid-
eringbothmodelledandunmodelleddeformationsexcellent
resultswereobtainedby OBJ CUT.

Figure 6 shavs a comparisorof the segmentatiorresults
obtainedvhenusingOBJ CuT with astate-of-the-annethod
for objectcategyory speci ¢ sgmentatiordescribedn Leibe
andSchiele[16]. Notethata similar approactwasdescribed
in [4]. The OBJ CuT algorithm provides bettersgmenta-
tionsusingsigni cantly smallernumberof exemplarshy ex-
ploiting the ability of MmiNncuT for providing excellentseg-
mentationsisinga goodinitialization obtainedoy LPS.

8. Summary and Conclusions

We presentech newv model, called the Object Categgory
Speci ¢ MRF, which combinesthe LpPs andthe MRF model
to perform object category speci ¢ sggmentation. Reliable
segmentationis obtainedusing OBJ CuT, which considers
both modelleddeformation,provided by the LpPs, and un-
modelleddeformation. An efcient methodfor LBP is de-
velopedwhich, togetherwith the MiNCUT, makesOBJ CUT
computationallyfeasible. The methodneedgo be extended
to handlemultiple visualaspect®f anobjectcatgyory andto
dealwith partialocclusion.
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