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Abstract

Segmentationandrecognitionhavelongbeentreatedastwo separatepro-
cesses.We proposea mechanismbasedon spectralgraphpartitioning
that readilycombinethe two processesinto one. A part-basedrecogni-
tion systemdetectsobjectpatches,suppliestheir partial segmentations
andknowledgeaboutthespatialcon�gurationsof the object. The goal
of patchgroupingis to �nd a set of patchesthat conform best to the
object con�guration. This processis integratedwith the pixel group-
ing basedon low-level featuresimilarity, throughpixel-patchinterac-
tionsandpatchcompetitionthatis encodedasconstraintsin thesolution
space.Thegloballyoptimalpartitionis obtainedbysolvingaconstrained
eigenvalueproblem.We demonstratethattheresultingobjectsegmenta-
tion eliminateslocal falsepositivesat the high level of part detection,
while overcomingocclusionandweakcontoursat the low level of edge
detection.

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, neitherapproachaloneproducessatisfactoryresults.

Withoututilizing any knowledgeaboutthescene,imagesegmentationgetslost in poordata
conditions:weakedges,shadows,occlusionsandnoise.Missedobjectboundariescanthen
hardlyberecoveredin subsequentobjectrecognition.Gestaltlistshavelongrecognizedthis
issue,circumventingit by addinga groupingfactorcalledfamiliarity [6].

Without subjectto perceptualconstraintsimposedby low level grouping,anobjectdetec-
tion processcanproducemany falsepositivesin a clutteredscene[3]. Oneapproachis to
build abetterpartdetector, but thishasits own limitations,suchasincreasein thecomplex-



ity of classi�ersandthenumberof trainingexamplesrequired.On theotherhand,another
approachwhichweadoptin thispaper, is basedontheobservationthatthefalselydetected
partsare not perceptuallysalient(Fig. 1), thus they can be effectively prunedaway by
perceptualorganization.

Rightarm: � Right leg: � Head: � Left arm: � Left leg: �

Figure1: Humanbodypartdetection.A total of ��� 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 hassamefeaturesasits surroundings.Secondly, falsepositivesareoften incompatiblewith
nearbyparts,e.g. thepatchon thetreadmill thatis labeledheadhasno otherpatchesin theimageto
makeupawholehumanbody. Thesetwo conditions,low-level imagefeaturesaliency andhigh-level
part labelingconsistency, areessentialfor thesegmentationof objectsfrom background.Both cues
areencodedin our pixel andpatchgroupingrespectively.

We proposea segmentationmechanismthat is coupledwith the object recognitionpro-
cess(Fig. 2). Therearethreetightly coupledprocesses.1) Top-level: part-basedobject
recognitionprocess.It learnsclassi�ers from training imagesto detectpartsalongwith
thesegmentationpatternsandtheir relativespatialcon�gurations.A few approachesbased
on patternclassi�cation have beendevelopedfor part detection[9, 3]. Recentwork on
objectsegmentation[1] usesimagepatchesandtheir �gure-ground labelingasbuilding
blocks for segmentation. However, this is not the focusof our paper. 2) Bottom-level:
pixel-basedsegmentationprocess.This process�nds perceptuallycoherentgroupsusing
pairwiselocal featuresimilarity. 3) Interactions:linking objectrecognitionwith segmenta-
tion by couplingpatchesandcorrespondingpixels.Whenapartis detected,it backprojects
foreground-backgroundconstraintsontotheimagedata.Whena pixel groupis formed,it
validatespartsof the objectmodel. With sucha representation,we createa parallelob-
ject recognitionandimagesegmentationprocess,the goal of which is to yield mutually
consistenthigh-level partcon�gurationandlow-level self-coherentsegmentationresults.

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. 3a. Supposewe are
interestedin detectinga human-likecon�guration(Fig. 3b). Furthermore,we assumethat
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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 is af®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 mutualownershipsbasedonobjectknowledgeanddatacoherence,asshown in themiddleimage.
A globalpartitioningon thecoupledgraphoutputsanobjectsegmentationthathasbothpixel-level
saliency andpatch-level consistency.



someobjectrecognitionsystemhaslabeledasetof patchesasobjectparts(Fig. 3c). Every
patchhasa localsegmentationaccordingto its partlabel(Fig. 3d). Therecognitionsystem
hasalsolearnedthestatisticaldistributionof thespatialcon�gurationsof objectparts.
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a) Image b) Object c) Patches d) Pixel-Patch
Figure3: Objectsegmentationwith partdetection.Given � ������� ��� imagein a),we wantto detect
thehuman-like con®gurationin b). ��� patchesof varioussizesaredetectedin c). They arelabeledas
head(� ), left-upper-arm(� , � ), left-lower-arm(	 , �
� ), left-leg ( ��� ), left-upper-leg(� ), left-lower-leg(� ),
right-arm(
 ), right-leg(� , � ). Eachpatchhasapartial localsegmentationasshown in d). Darkpixels
for ®gure,light for ground,andgrayfor no preference.Thegoalof segmentationis to ®nd thebest
patch-pixel combinationsthatconformto theobjectknowledgeanddatacoherence.

Givensuchinformation,weneedto addresstwo issues.Oneis thecueevaluationproblem,
i.e. how to evaluatelow-level pixel cues,high-level patchcuesandtheir correspondence.
Theotheris the integrationproblem,i.e. how to fusepartialandimpreciseobjectknowl-
edgewith mostoftenunreliablelow-level cuesto segmentout theobjectof interest.

2.1 Representationsin graphs

We build coupledgraphsfor theobjectsegmentationmodel(Fig.2).Formally, wedenotea
graphby �������������
��� . Let � be thenumberof pixels in the image, � thenumberof
patchesin themodel.Thecompletenodesetis ���
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where* is thepixel-pixel af�nity matrix, - is thepatch-patchaf�nity matrix,and . is the
patch-pixel af�nity matrix. 1

3 and 1
6 arescalarsre�ecting therelative importanceof -

and . with respectto * . All theweightsarenonnegative.

Objectsegmentationcorrespondsto a nodebipartitioningproblem,where �)�E��FHG%�8I
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theobject,and �
I is therestof thebackgroundpixelsandpatchesthatcorrespondto false

positivesandalternative labelings.Let MNF be an �O�P'Q���5R

 

vector, with MSFT�OUB�,�

 

if node UWVX�
F and Y otherwise.It is convenientto introducethe indicatorfor �

I , where
M

I
��ZH[WM

F and Z is thevectorof ones.

We only needto processthe imageregion enclosingall the detectedpatches. The rest
pixelsareassociatedwith a virtual backgroundpatch,which we denoteaspatch �\']� ,
in additionto �^[

 

detectedobjectpatches.Restrictionof segmentationto this regionof
interest(ROI) helpsbindingirrelaventbackgroundelementsinto onegroup[10].

2.2 Initial evaluation of af�nity matrices

Our initial estimationof thepixel af�nity matrix *`_ is basedon edgedetection.We �rst
convolve the imagewith quadraturepairs of oriented�lters to extract the magnitudeof
edgeresponsesa�b [4]. Let i

Å
denotethe locationof pixel c . Pixel af�nity *

_ is inversely



correlatedwith themaximummagnitudeof edgescrossingtheline connectingtwo pixels:
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*5_ ��c
���!� is low if c , � areon thetwo sidesof a strongedge.

For objectpatches,we evaluatetheir positioncompatibilityaccordingto learnedstatistical
distributions. For objectpart labels ! and " , in principle,we canmodeltheir spatialdis-
tribution usinga Gaussian,with mean#%$�& andvariance'($�& estimatedfrom trainingdata.
Let )

* betheobjectlabelof patch* . Let p
Å

bethecenterlocationof patch* . Givenpatches
* and + , their af�nity - _ :
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*

�:+T� is low if * , + form rarecon�gurationsfor their part labels )

* and )+ . We manually
setthesevaluesfor our imageexamples.

Everyobjectpart labelalsoprojectsanexpectationof pixel segmentationwithin thepatch
window. We createpixel-patchassociationmatrix . _ . Eachcolumnof . _ correspondsto

� pixels,with '

 

for theobjectpixels, [

 

for non-objectpixels, Y for uncertainpixels.

As to thevirtual backgroundpatchnode,it only hasaf�nity of
 

to itself in - _ , and
 

to a
setof pixelsoutsideof ROI in .

_ . With theseinitial af�nities, shown in Fig. 4, we couple
their interactionsto derive the�nal af�nity matrices* , - and . .

a) * _ b) -�_ c) .A_ d) a�b

Figure4: Initial af�nities andedges.*
_ is evaluatedfor pixelswithin adistanceof ; units

basedon the edgeresponsesin d). The af�nity patternsof < pixels within their square
neighbourhoodsare superimposedon edgesin a), with darker pixels for larger af�nity .
Patchgraph -

_ is drawn in b), with thicker lines for largeraf�nity . A summaryof pixel-
patchaf�nity .

_ is shown in c), with objectpixels marked black andnon-objectpixels
white. Thevirtual backgroundpatchis associatedwith a setof pixelsin theperiphery.

2.3 Interactions betweenaf�nity matrices

Let =%> and = 3 beintegrationweightingfactors.Let ? bea rectifying function: ? �A@7� �B@

for @DC�Y and Y otherwise. Let EGF be the degreematrix of af�nity matrix � . It is a
diagonalmatrixwith EHFW�+c
�2c �9�JI-K �)��c
�L� � , M7c . With thesenotations,we de�ne (Fig.5):
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Their explanationsare as follows. For pixel af�nity matrix * , we needto encodetop-
down feedbackthat cancorrectdataby eitherbreakinglocal coherence,e.g. enhancing
weak contours(Fig. 3c patches

 

and < ), or promotinglocal coherence,e.g. ignoring
occludingedges(Fig. 3c patch

 

). This expectedpixel af�nity from object modelsis



capturedby . _ - _ .�>

_

. The �nal pixel af�nity is thus a weightedaveragebetweenthe
af�nity computedfrom dataand that expectedfrom objectmodels. Likewise, for patch
af�nity matrix - , we needto encodebottom-upfeedforward evidenceto corroborateor
weakenthepatchcompatibility. Theresultingpatchaf�nity inducedby thepixel af�nity is
capturedby .`>

_

* _ . _ . The�nal patchaf�nity is a weightedaveragebetweentheaf�nity
computedfrom objectmodelsandthatexpectedfrom data.Thepixel-patchaf�nity matrix

. is obtainedby averaging-`_ throughpixel andpatchaf�nity , andthensortingoutobject
pixelsaccordingto their signs. This operationtakesbothpixel af�nity andpatchaf�nity
into account,sothattheinitial top-down projectedsegmentationis propagatedandre�ned.
Theuseof E 3 Q insteadof - _ is to keepeachpatchinteractingwith a smallsetof pixels,
while having their strengthsmodulatedby theoverallpatchaf�nity .

a) * b) - c) . d) �

Figure5: Final af�nities andexclusionconstraints.a,b,c)Sameconventionsasin Fig. 4.
d)Four linkedpairsof patchescompeteto entertheobjectgroup.

Thecorrectionsmadeto initial pixel andpatchaf�nities arerestrictedto local neighbour-
hoodsof pixelsandpatches.With thepixel-patchaf�nity , patchesof goodcon�gurations
bring their pixelsinto onegroup.Suchlong-rangebindingis essentialfor poppingout the
objectof interestamongmany equallygoodlow-level segmentations.

Thechoiceof theseparametersdictateswhatwedesirein theoptimalobjectsegmentation.
For theintegrationparameters=

> and =
3 , we simply setthemto beunit-compatible.For

the weighting factorswe want 1�3 to balancethe total weightsbetweenpixel andpatch
groupingso that the smallernumberof patchnodesdoesnot renderpatchgroupingin-
signi�cant, while we want 1

6 to belargeenoughsothattheresultsof patchgroupingcan
bring their associatedpixelsalongwith them:
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2.4 Encodingexclusionfor patch competition

Theformulationpresentedso far doesnot preventthedesiredpixel andpatchgroupfrom
including falselydetectedpatchesandtheir pixels,nor doesit favor thetrueobjectpixels
to be away from unlabeledbackgroundpixels. We needfurther constraintsto restricta
feasiblegrouping.This is doneby constrainingthepartitionindicator M .

In Fig. 5d,therearefourpairsof patcheswith thesameobjectpartlabels.To encodemutual
exclusionbetweenpatches,weenforceonewinneramongpatchnodesin competition.For
example,only oneof thepatches
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. We alsosetanexclusionconstraintbetweenareliablepatchandthe
virtual backgroundpatchso that the desiredobjectgroupstandsout alonewithout these
unlabeledbackgroundpixels,e.g M
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supersetof nodesto beseparatedandlet � "�� denotethecardinalityof a set.We have:
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2.5 Segmentationasan optimization problem

We apply the normalizedcuts criterion [7] to the joint pixel-patchgraphin Eq. (1) and
formulateaconstrainedoptimizationproblem:
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Let @ � M F [
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	 . By relaxingtheconstraintsinto theform of



> @N� Y [10], wecan
show [10] thatEq.(9) becomesaconstrainedeigenvalueproblem,themaximizerof which
is givenby thenontrivial leadingeigenvector:
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Oncewe get the optimal eigenvector, we compare

 

Y thresholdsuniformly distributed
within its rangeandchoosethediscretesegmentationthatyieldsthebestcriterion � . Below
is anoverview of our algorithm.

1: Computeedgeresponsea�b andcalculatepixel af�nity *`_ , Eq.(2).
2: Detectpartsandcalculatepatchaf�nity -`_ , Eq.(3).
3: Form initial pixel-patchaf�nity .

_ .
4: Formulateconstraints




amongcompetingpatches.
5: Compute* , - , . by couplinginteractionsbetween*`_ , -�_ and .A_ , Eq. (4, 5, 6, 7).
6: Form � andcalculateits degreematrix E , Eq. (1).
7: Solve
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, Eq. (12).
8: Threshold@

�

to geta discretesegmentation.

We avoid computing
�

directly by takingadvantageof its low rank. It canbeshown that
theincreasein computationalcomplexity is negligible given ��� � .

3 Resultsand conclusions

In Fig. 6, we show resultson thesyntheticimage. Imagesegmentationalonegetslost in
a clutteredscene.Evengivenpixel-patchinteractions,a largeobjectgroupcanstill not be
formedwithout patchgroupingcues.Givenbothpatchgroupingandpatch-pixel interac-
tions,asubsetof false-positivepatchesform agroupagainstotherpatchesandbackground
pixels. Only whenexclusionconstraintsareused,theobjectof interestcanbesegmented
out. With feedbackfrom objectmodels,unwantededges(causedby occlusion)andweak
edges(illusory contours)arecorrectedin the�nal segmentation.

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 � . 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. Alternatively a generalmodelof humanappearancebasedon �lter responsesasin
[8] couldbeused.
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Figure6: Eigenvectorsandtheir segmentationsfor Fig. 3. Fromleft to right are: 1) pixel group-
ing alone;2)pixel groupingwith pixel-patchinteractions(patchaf®nity set to the identity matrix);
3)pixel-patchgroupingwith their interactions;4)pixel-patchgroupingwith interactionsandexclu-
sionconstraints.Computationtimesareobtainedin MATLAB ona PCwith � GHz CPU.

In Fig. 2, we show theresultson a testimage.Thoughthepixel-patchaf�nity matrix . ,
derived from thecolor classi�er, is neitherprecisenor complete,andthe edgesareweak
at many objectboundaries,the two processescomplementeachother in our pixel-patch
groupingsystemandoutputa reasonablygoodobjectsegmentation.

Finally, wepointout thatit takeslesstimeto computethesolutionsin pixel-patchgrouping
sincethesizeof thesolutionspaceis greatlyreduced.Thisprovidesanexplanationfor the
speedof biologicalvisionsystemsgiventheir slow neurochemicalsubstrates.
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