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Abstract

Segmentationandrecognitionhavelongbeentreatedastwo separatepro-
cesses.We proposea mechanismbasedon spectralgraphpartitioning
that readilycombinethe two processesinto one. A part-basedrecogni-
tion systemdetectsobjectpatches,suppliestheirpartialsegmentationsas
well asknowledgeaboutthespatialcon�gurationsof theobject.Thegoal
of patchgroupingis to �nd asetof patchesthatconformbestto theobject
con�guration, while thegoalof pixel groupingis to �nd a setof pixels
that have the bestlow-level featuresimilarity. Throughpixel-patchin-
teractionsandbetween-patchcompetitionencodedin thesolutionspace,
thesetwo processesarerealizedin onejoint optimizationproblem.The
globallyoptimalpartitionis obtainedby solvingaconstrainedeigenvalue
problem. We demonstratethat the resultingobjectsegmentationelimi-
natesfalsepositivesfor thepart detection,while overcomingocclusion
andweakcontoursfor thelow-level edgedetection.

1 Intr oduction

A goodimagesegmentationmustsingleout meaningfulstructuressuchasobjectsfrom
a clutteredscene.Most currentsegmentationtechniquestake a bottom-upapproach[5],
whereimagepropertiessuchasfeaturesimilarity (brightness,texture,motionetc),bound-
arysmoothnessandcontinuityareusedto detectperceptuallycoherentunits.Segmentation
canalsobeperformedin a top-down mannerfrom objectmodels,whereobjecttemplates
areprojectedontoanimageandmatchingerrorsareusedto determinetheexistenceof the
object[1]. Unfortunately, eitherapproachalonehasits drawbacks.

Withoututilizing any knowledgeaboutthescene,imagesegmentationgetslost in poordata
conditions:weakedges,shadows,occlusionsandnoise.Missedobjectboundariescanthen
hardlyberecoveredin subsequentobjectrecognition.Gestaltistshavelongrecognizedthis
issue,circumventingit by addinga groupingfactorcalledfamiliarity [6]. Without being
subjectto perceptualconstraintsimposedby low levelgrouping,anobjectdetectionprocess
canproducemany falsepositivesin aclutteredscene[3]. Oneapproachis to build a better
partdetector, but this hasits own limitations,suchasincreasein thecomplexity of classi-
�ers andthenumberof trainingexamplesrequired.Anotherapproach,which we adoptin



this paper, is basedon theobservation that the falselydetectedpartsarenot perceptually
salient(Fig. 1), thusthey canbeeffectively prunedawayby perceptualorganization.
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Figure1: Humanbodypartdetection.A total of 27 partsaredetected,eachlabeledby oneof the
� ve partdetectorsfor arms,legsandhead.Falsepositivescannotbevalidatedon two grounds.First,
they do not form salientstructuresbasedon low-level cues,e.g.thepatchon the�oor thatis labeled
left leg hasthe samefeaturesasits surroundings.Secondly, falsepositivesareoften incompatible
with nearbyparts,e.g. the patchon the treadmill that is labeledheadhasno otherpatchesin the
imageto make up a wholehumanbody. Thesetwo conditions,low-level imagefeaturesaliency and
high-level part labelingconsistency, areessentialfor thesegmentationof objectsfrom background.
Bothcuesareencodedin ourpixel andpatchgroupingrespectively.

We proposea segmentationmechanismthat is coupledwith the object recognitionpro-
cess(Fig. 2). Thereare threetightly coupledprocesses.1)Top-level: part-basedobject
recognitionprocess.It learnsclassi�ersfrom trainingimagesto detectpartsalongwith the
segmentationpatternsandtheir relativespatialcon�gurations.A few approachesbasedon
patternclassi�cationhavebeendevelopedfor partdetection[9, 3]. Recentwork on object
segmentation[1] usesimagepatchesandtheir �gure-ground labelingasbuilding blocks
for segmentation.2)Bottom-level: pixel-basedsegmentationprocess.This process�nds
perceptuallycoherentgroupsusingpairwiselocal featuresimilarity. Thelocal featureswe
useherearecontourcues.3)Interactions:couplingobjectrecognitionwith segmentation
by linking patcheswith theircorrespondingpixels.With sucha representation,weconcur-
rently carryout objectrecognitionandimagesegmentationprocesses.The �nal outputis
an objectsegmentationwheretheobjectgroupconsistsof pixelswith coherentlow-level
featuresandpatcheswith compatiblepartcon�gurations.

We formulateour objectsegmentationtaskin a graphpartitioningframework. We repre-
sentlow-levelgroupingcueswith agraphwhereeachpixel is anodeandedgesbetweenthe
nodesencodetheaf�nity of pixelsbasedon their featuresimilarity [4]. Werepresenthigh-
level groupingcueswith a graphwhereeachdetectedpatchis a nodeandedgesbetween
thenodesencodethelabelingconsistency basedonprior knowledgeof objectpartcon�g-
urations.Therearealsoedgesconnectingpatchnodeswith their supportingpixel nodes.
We seekthe optimal graphcut in this joint graph,which separatesthe desiredpatchand
pixel nodesfrom the restnodes.We build uponthecomputationalframework of spectral
graphpartitioning[7], andachievepatchcompetitionusingthesubspaceconstraintmethod
proposedin [10]. Weshow thatour formulationleadsto aconstrainedeigenvalueproblem,
whoseglobal-optimalsolutionscanbeobtainedef�ciently .

2 Segmentationmodel

We illustrateour methodthrougha syntheticexampleshown in Fig. 3. Supposewe are
interestedin detectinga human-like con�guration. Furthermore,we assumethat some
objectrecognitionsystemhaslabeleda setof patchesasobjectparts. Every patchhasa
local segmentationaccordingto its part label.Therecognitionsystemhasalsolearnedthe
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Figure2: Model of objectsegmentation.Givenan image,we detectedgesusinga setof oriented
�lter banks. The edgeresponsesprovide low-level groupingcues,anda graphcanbe constructed
with onenodefor eachpixel. Shown on the middle right areaf�nity patternsof � ve centerpixels
within a squareneighbourhood,overlaidon theedgemap. Dark meanslargeraf�nity . We detecta
setof candidatebodypartsusinglearnedclassi�ers.Bodypartlabelingprovideshigh-level grouping
cues,andaconsistency graphcanbeconstructedwith onenodefor eachpatch.Shown onthemiddle
left aretheconnectionsbetweenpatches.Thicker linesmeanbettercompatibility. Edgesarenoisy,
while patchescontainambiguityin local segmentationandpart labeling.Patchesandpixels interact
by expectedlocal segmentationbasedon objectknowledge,asshown in themiddleimage.A global
partitioningon the coupledgraphoutputsan objectsegmentationthathasboth pixel-level saliency
andpatch-level consistency.



statisticaldistributionof thespatialcon�gurationsof objectparts.Givensuchinformation,
we needto addresstwo issues.Oneis the cueevaluationproblem,i.e. how to evaluate
low-level pixel cues,high-level patchcuesandtheir segmentationcorrespondence.The
otheris the integrationproblem,i.e. how to fusepartial andimpreciseobjectknowledge
with somewhatunreliablelow-level cuesto segmentout theobjectof interest.

patches

 1

 2

 3

 4

 5

 6

 7  8

 9

10

11

image pixel-patchrelations object

edges segmentation

evaluation

integration

Figure3: Giventheimageontheleft, wewantto detecttheobjectontheright). 11patchesof various
sizesaredetected(middletop). They arelabeledashead(1), left-upper-arm(2, 9), left-lower-arm(3,
10), left-leg (11), left-upper-leg(4), left-lower-leg(5), right-arm(6), right-leg(7, 8). Eachpatchhasa
partial localsegmentationasshown in thecenterimage.Objectpixelsaremarkedblack,background
white andothersgray. The imageintensity itself hasits naturalorganization,e.g. pixels acrossa
strongedge(middlebottom)arelikely to be in differentregions. Our goal is to �nd thebestpatch-
pixel combinationsthatconformto theobjectknowledgeanddatacoherence.

2.1 Representations

We denotethe graphin Fig. 2 by G = (V; E; W ). Let N be the numberof pixels and
M thenumberof patches.Let A be thepixel-pixel af�nity matrix, B be thepatch-patch
af�nity matrix, andC be the patch-pixel af�nity matrix. All theseweightsareassumed
nonnegative. Let � B and� C bescalarsre�ecting therelative importanceof B andC with
respectto A. Thenthenodesetandtheweightmatrix for thepairwiseedgesetE are:

V = f 1; � � � ; N
| {z }

pixels

; N + 1; � � � ; N + M
| {z }

patches

g;

W (A; B ; C; � B ; � C ) =
�

AN � N � C � CT
N � M

� C � CM � N � B � BM � M

�
: (1)



Objectsegmentationcorrespondsto a nodebipartitioningproblem,whereV = V1 [ V2
andV1 \ V2 = ? . WeassumeV1 containsasetof pixel andpatchnodesthatcorrespondto
theobject,andV2 is therestof thebackgroundpixelsandpatchesthatcorrespondto false
positivesandalternative labelings.Let X 1 be an (N + M ) � 1 vector, with X 1(k) = 1
if nodek 2 V1 and0 otherwise.It is convenientto introducethe indicatorfor V2, where
X 2 = 1 � X 1 and1 is thevectorof ones.

We only needto processthe imageregion enclosingall the detectedpatches. The rest
pixelsareassociatedwith a virtual backgroundpatch,which we denoteaspatchN + M ,
in additionto M � 1 detectedobjectpatches.Restrictionof segmentationto this regionof
interest(ROI) helpsbindingirrelaventbackgroundelementsinto onegroup[10].

2.2 Computing pixel-pixel similarity A

Thepixel af�nity matrix A measureslow-level imagefeaturesimilarity. In this paper, we
chooseintensityasour featureandcalcuateA basedon edgedetectionresults. We �rst
convolve the imagewith quadraturepairs of oriented�lters to extract the magnitudeof
edgeresponsesOE [4]. Let i denotethe locationof pixel i . Pixel af�nity A is inversely
correlatedwith themaximummagnitudeof edgescrossingtheline connectingtwo pixels.
A(i; j ) is low if i , j areon thetwo sidesof a strongedge(Fig. 4):

A(i; j ) = exp
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A(1; 3) � 1
A(1; 2) � 0
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Figure4: Pixel-pixel similarity matrix A is computedbasedon intensityedgemagnitudes.

2.3 Computing patch-patchcompatibility B and competition

For objectpatches,we evaluatetheir positioncompatibilityaccordingto learnedstatistical
distributions. For objectpart labelsa andb, we canmodeltheir spatialdistribution by a
Gaussian,with mean� ab andvariance� ab estimatedfrom trainingdata.Let �p betheobject
labelof patchp. Let p bethecenterlocationof patchp. For patchesp andq, B (p;q) is low
if p, q form rarecon�gurationsfor their partlabels�p and�q (Fig. 5a):

B (p;q) = exp
�

�
1
2

(p � q � � �p �q)T � � 1
�p �q (p � q � � �p �q)

�
: (3)

We manuallysetthesevaluesfor our imageexamples.As to thevirtual backgroundpatch
node,it only hasaf�nity of 1 to itself.

Patchcompatibilitymeasuresalonedo not preventthedesiredpixel andpatchgroupfrom
includingfalselydetectedpatchesandtheirpixels,nordoesit favor thetrueobjectpixelsto
beawayfromunlabeledbackgroundpixels.Weneedfurtherconstraintsto restrictafeasible
grouping.This is doneby constrainingthepartitionindicatorX . In Fig. 5b, therearefour
pairsof patcheswith the sameobjectpart labels. To encodemutual exclusionbetween
patches,weenforceonewinneramongpatchnodesin competition.For example,only one
of thepatches7 and8 canbevalidatedto theobjectgroup:X 1(N + 7) + X 1(N + 8) = 1.



We alsosetan exclusionconstraintbetweena reliablepatchand the virtual background
patchsothatthedesiredobjectgroupstandsoutalonewithout theseunlabeledbackground
pixels,e.gX 1(N + 1) + X 1(N + M ) = 1. Formally, let S bea supersetof nodesto be
separatedandlet j � j denotethecardinalityof aset.We have:

X

k2 Sm

X 1(k) = 1; m = 1 : jSj: (4)

B (1; 2) � 1
B (10; 5) � 0

7 and8 cannotbothbe
partof theobject
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Figure5: a)Patch-patchcompatibilitymatrixB is evaluatedbasedonstatisticalcon�gurationplau-
sibility. Thicker linesfor largeraf�nity . b) Patchesof thesameobjectpartlabelcompeteto enterthe
objectgroup.Only onewinnerfrom eachlinkedpairof patchescanbevalidatedaspartof theobject.

2.4 Computing pixel-patch associationC

Everyobjectpart labelalsoprojectsanexpectedpixel segmentationwithin thepatchwin-
dow (Fig. 6). Thepixel-patchassociationmatrixC hasonecolumnfor eachpatch:

C(i; p) =
�

1; if i is anobjectpixel of patchp,
0; otherwise. (5)

For thevirtual backgroundpatch,its memberpixelsarethoseoutsidetheROI.
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Figure6: Pixel-patchassociationC for objectpatches.Objectpixelsaremarkedblack,background
white andothersgray. A patchis associatedwith its objectpixelsin thegivenpartial segmentation.

Finally, wedesire� B to balancethetotalweightsbetweenpixel andpatchgroupingsothat
M � N doesnot renderpatchgroupinginsigni�cant, andwe want� C to belargeenough
sothattheresultsof patchgroupingcanbringalongtheir associatedpixels:

� B = 0:01
1T A1
1T B 1

; � C =
� B

max C
: (6)

2.5 Segmentationasan optimization problem

We applythenormalizedcutscriterion[7] to thejoint pixel-patchgraphin Eq.(1):

max � (X 1) =
2X

t =1

X T
t W X t

X T
t DX t

; s. t.
X

k2 Sm

X 1(k) = 1; m = 1 : jSj: (7)



D is the diagonaldegreematrix of W , D(i; i ) =
P

j W (i; j ). Let x = X 1 � X T
1 D X 1

1T D 1 .
By relaxingtheconstraintsinto theform of L T x = 0 [10], Eq. (7) becomesa constrained
eigenvalueproblem[10], themaximizergivenby thenontrivial leadingeigenvector:

x � = argmax
xT W x
xT Dx

; s. t. L T x = 0: (8)

QD � 1W x � = �x � ; (9)
Q = I � D � 1L(L T D � 1L) � 1L T : (10)

Oncewe get the optimal eigenvector, we compare10 thresholdsuniformly distributed
within its rangeandchoosethediscretesegmentationthatyieldsthebestcriterion� . Below
is anoverview of our algorithm.

1: ComputeedgeresponseOE andcalculatepixel af�nity A, Eq.(2).
2: Detectpartsandcalculatepatchaf�nity B , Eq.(3).
3: FormulateconstraintsS andL amongcompetingpatches,Eq.(4).
4: Setpixel-patchaf�nity C, Eq.(5).
5: Calculateweights� B and� C , Eq. (6).
6: FormW andcalculateits degreematrix D , Eq.(1).
7: SolveQD � 1W x � = �x � , Eq. (9,10).
8: Thresholdx � to geta discretesegmentation.

3 Resultsand conclusions

In Fig. 7, weshow resultsonthe120� 120syntheticimage.Imagesegmentationalonegets
lost in a clutteredscene.With concurrentsegmentationandrecognition,regionsforming
theobjectof interestpopout,with unwantededges(causedby occlusion)andweakedges
(illusory contours)correctedin the �nal segmentation. It is also fasterto computethe
pixel-patchgroupingsincethesizeof thesolutionspaceis greatlyreduced.
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Figure7: Eigenvectors(row 1) andtheirsegmentations(row 2) for Fig. 3. Ontheright, weshow the
optimal eigenvectoron both pixels andpatches,the horizontaldottedline indicatingthe threshold.
Computationtimesareobtainedin MATLAB 6.0on aPCwith 1GHz CPUand1G memory.

We applyour methodto humanbodydetectionin a singleimage.We manuallylabel � ve
body parts(both arms,both legs andthe head)of a personwalking on a treadmill in all



32 imagesof a completegait cycle. Using the magnitudethresholdededgeorientations
in the hand-labeledboxesasfeatures,we train linear Fisherclassi�ers [2] for eachbody
part. In orderto accountfor theappearancechangesof thelimbs throughthegaitcycle,we
usetwo separatemodelsfor eacharm andeachleg, bringing the total numberof models
to 9. Each individual classi�er is trainedto discriminatebetweenthe body part and a
randomimagepatch. We iteratively re-trainthe classi�ersusingfalsepositivesuntil the
optimal performanceis reachedover the training set. In addition,we train linear color-
basedclassi�ers for eachbody part to perform�gure-grounddiscriminationat the pixel
level. Alternativelyageneralmodelof humanappearancebasedon�lter responsesasin [8]
couldbeused.In Fig. 8, weshow theresultson thetestimagein Fig. 2. Thoughthepixel-
patchaf�nity matrix C, derivedfrom thecolor classi�er, is neitherprecisenor complete,
and the edgesareweakat many objectboundaries,the two processescomplementeach
otherin ourpixel-patchgroupingsystemandoutputareasonablygoodobjectsegmentation.

segmentationalone:68seconds segmentation-recognition:58seconds
Figure8: Eigenvectorsandtheir segmentationsfor the261� 183humanbodyimagein Fig. 2.
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