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Abstract

Segymentatiorandrecognitiorhavelong beertreatedastwo separat@ro-

cesses.We proposea mechanisnbasedon spectralgraphpartitioning

thatreadily combinethe two processeto one. A part-basedecogni-
tion systemdetectsobject patchessuppliestheir partial sgmentations
andknowledgeaboutthe spatialcon gurationsof the object. The goal

of patchgroupingis to nd a setof patchesthat conform bestto the

objectcon guration. This processis integratedwith the pixel group-

ing basedon low-level featuresimilarity, through pixel-patchinterac-
tionsandpatchcompetitionthatis encodedasconstraintsn the solution

space Thegloballyoptimalpartitionis obtainedy solvingaconstrained
eigervalueproblem.We demonstrat¢hatthe resultingobjectsegmenta-
tion eliminateslocal false positives at the high level of part detection,
while overcomingocclusionandweakcontoursat the low level of edge
detection.

1 Intr oduction

A goodimage segmentationmust single out meaningfulstructuressuchas objectsfrom
a clutteredscene. Most currentsegmentationtechniquegake a bottom-upapproacH5],
whereimagepropertiesuchasfeaturesimilarity (brightnesstexture, motionetc), bound-
ary smoothnesandcontinuityareusedto detectperceptuallycoherenunits. Segmentation
canalsobe performedin atop-davn mannerfrom objectmodels,whereobjecttemplates
areprojectedontoanimageandmatchingerrorsareusedto determinethe existenceof the
object[1]. Unfortunately neitherapproactaloneproducessatishictoryresults.

Withoututilizing any knowledgeaboutthesceneimagesegmentatiorgetslostin poordata
conditions:weakedgesshadaevs, occlusionsaandnoise.Missedobjectboundarieganthen
hardlyberecoveredin subsequerdbjectrecognition.Gestaltlisthavelongrecognizedhis
issue circumwentingit by addinga groupingfactorcalledfamiliarity [6].

Without subjectto perceptuatonstraintsmposedby low level grouping,an objectdetec-
tion processanproducemary falsepositivesin a clutteredscend3]. Oneapproactis to
build abetterpartdetectoybut this hasits own limitations,suchasincreasen thecomplex-



ity of classi ersandthenumberof trainingexamplesrequired.On the otherhand,another
approactwhich we adoptin this paperis basednthe obsenationthatthefalselydetected
partsare not perceptuallysalient(Fig. 1), thusthey can be effectively prunedaway by
perceptuabrganization.

Rightarm: Rightleg: Head: Left arm: Left leg:
Figurel: Humanbody partdetection.A totalof  partsaredetectedeachlabeledby oneof the
®ve partdetectordor arms,legsandhead.Falsepositivescannotbe validatedon two grounds.First,
they do notform salientstructuresbasedon low-level cues.e.g.the patchonthe oor thatis labeled
left leg hassamefeaturesasits surroundings Secondly falsepositivesare oftenincompatiblewith
nearbyparts,e.g. thepatchon thetreadmillthatis labeledheadhasno otherpatchesn theimageto
male up awholehumanbody Thesewo conditions Jow-level imagefeaturesalieng andhigh-level
partlabelingconsisteny, areessentiafor the segmentatiorof objectsfrom background Both cues
areencodedn our pixel andpatchgroupingrespectiely.

We proposea segmentationmechanisnthatis coupledwith the objectrecognitionpro-

cess(Fig. 2). Therearethreetightly coupledprocessesl) Top-level: part-basedbject
recognitionprocess.It learnsclassi ers from training imagesto detectpartsalongwith

the sggmentatiorpatternsandtheir relative spatialcon gurations.A few approachebased
on patternclassi cation have beendevelopedfor part detection[9, 3]. Recentwork on

objectsggmentation[1] usesimage patchesandtheir gure-ground labeling as building

blocks for segmentation. However, this is not the focus of our paper 2) Bottom-level:

pixel-basedsegmentationprocess.This processnds perceptuallycoherenigroupsusing
pairwiselocalfeaturesimilarity. 3) Interactionsiinking objectrecognitionwith segmenta-
tion by couplingpatchesndcorrespondingixels. Whenapartis detectedit backprojects
foreground-backgound constraintoonto theimagedata. Whena pixel groupis formed, it

validatespartsof the objectmodel. With sucha representationywe createa parallel ob-

ject recognitionandimage segmentationprocessthe goal of which is to yield mutually
consistenhigh-level partcon gurationandlow-level self-coherensegmentatiorresults.

We formulateour objectsegmentatiortaskin a graphpartitioningframeawork. We repre-
sentlow-level groupingcueswith agraphwhereeachpixelis anodeandedgesetweerthe
nodesencodeheaf nity of pixelsbasedntheir featuresimilarity [4]. We represenhigh-
level groupingcueswith a graphwhereeachdetectedbatchis a nodeandedgeshetween
thenodesencodehe labelingconsisteng basedon prior knowledgeof objectpartcon g-
urations. Therearealsoedgesconnectingpatchnodeswith their supportingpixel nodes.
We seekthe optimal graphcut in this joint graph,which separateshe desiredpatchand
pixel nodesfrom the restnodes.We build uponthe computationaframeawork of spectral
graphpartitioning[7], andachiere patchcompetitionusingthe subspaceonstraininethod
proposedn [10]. We show thatourformulationleadsto a constraineceigervalueproblem,
whoseglobal-optimalsolutionscanbe obtainedef ciently .

2 Segmentationmodel

We illustrate our methodthrougha syntheticexampleshowvn in Fig. 3a. Supposeve are
interestedn detectinga human-like con guration (Fig. 3b). Furthermoreywe assumehat
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Figure2: Model of objectsegmentation.Given animage,we detectedgesusinga setof oriented
®lter banks. The edgeresponseprovide low-level groupingcues,anda graphcanbe constructed
with one nodefor eachpixel. Shavn on the middle right is af®nity patternsof ®ve centerpixels
within a squareneighbourhoodoverlaid on the edgemap. Dark meandarger af®nity. We detecta
setof candidatébody partsusinglearnedclassi®ersBody partlabelingprovideshigh-level grouping
cues,andaconsisteng graphcanbeconstructedvith onenodefor eachpatch.Shovn onthemiddle
left arethe connectiondetweerpatches.Thicker lines meanbettercompatibility Edgesarenoisy,
while patchexontainambiguityin local segmentatiorandpartlabeling. Patchesandpixelsinteract
by mutualownershipshaseddn objectknovledgeanddatacoherenceasshavn in the middleimage.
A global partitioningon the coupledgraphoutputsan objectsegmentatiorthat hasboth pixel-level
salieny andpatch-leel consisteng



someobjectrecognitionsystemhaslabeleda setof patchesasobjectparts(Fig. 3c). Every
patchhasalocal sggmentatioraccordingo its partlabel (Fig. 3d). Therecognitionsystem
hasalsolearnedhe statisticaldistribution of the spatialcon gurationsof objectparts.
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Figure3: Objectsegmentatiorwith partdetection.Given imagein a), we wantto detect
thehuman-lile con®guratiorin b).  patche®f varioussizesaredetectedn c). They arelabeledas
head(), left-upperarm( , ), left-lowerarm(, ), left-leg( ), left-upperleg( ), left-lower-leg( ),
right-arm( ), right-leg( , ). Eachpatchhasa partial local segmentatiorasshawvn in d). Dark pixels
for ®gure, light for ground,andgray for no preference The goal of segmentationis to ®nd the best
patch-pixel combinationghatconformto the objectknowledgeanddatacoherence.

Givensuchinformation,we needto addresswo issuesOneis the cueevaluationproblem,
i.e. how to evaluatelow-level pixel cues,high-level patchcuesandtheir correspondence.
The otheris the integrationproblemi.e. how to fuse partial andimpreciseobjectknowl-
edgewith mostoftenunreliablelow-level cuesto segmentout the objectof interest.

2.1 Representationsn graphs

We build coupledgraphsfor the objectsegmentatiormodel(Fig.2). Formally, we denotea
graphby . Let  bethe numberof pixelsin theimage, thenumberof
patchesn themodel. The completenodesetis . The
weightmatrix for pairwiseedgeset is:

1)

where isthepixel-pixel af nity matrix, isthepatch-patckaf nity matrix,and isthe
patch-pixel af nity matrix. and arescalarge ecting the relative importanceof
and with respecto . All theweightsarenonngative

Objectsggmentationcorrespondso a nodebipartitioning problem,where

and . Weassume containsasetof pixel andpatchnodeghatcorrespondo

theobject,and s therestof the backgroundixelsandpatcheghatcorrespondo false

positvesandalternatie labelings. Let bean vector, with

if node and otherwise.lt is corvenientto introducetheindicatorfor , where
and isthevectorof ones.

We only needto processthe imageregion enclosingall the detectedpatches. The rest
pixelsareassociatedavith a virtual backgroundpatch,which we denoteaspatch ,
in additionto detectedbjectpatchesRestrictionof segmentatiorto this region of
interest(ROI) helpsbindingirrelaventbackgrouncelementsnto onegroup[10].

2.2 Initial evaluation of af nity matrices

Our initial estimationof the pixel af nity matrix is basedon edgedetection.We rst
convolve the imagewith quadratureairs of oriented lters to extractthe magnitudeof
edgeresponses  [4]. Leti denotethelocationof pixel . Pixel af nity is inversely
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correlatedwith the maximummagnitudeof edgescrossingtheline connectingwo pixels:
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islowif , areonthetwo sidesof astrongedge.

For objectpatcheswe evaluatetheir positioncompatibilityaccordingo learnedstatistical

distributions. For objectpartlabels and , in principle, we canmodeltheir spatialdis-

tribution usinga Gaussianwith mean  andvariance  estimatedrom trainingdata.

Let betheobjectlabelof patch . Let p bethecenterlocationof patch . Givenpatches
and , theiraf nity A
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islowif , form rarecon gurationsfor their partlabels and . We manually
setthesevaluesfor ourimageexamples.

Every objectpartlabelalsoprojectsan expectationof pixel sggmentatiorwithin the patch
window. We createpixel-patchassociatiommatrix . Eachcolumnof  correspondso
pixels,with  for theobjectpixels, for non-objectpixels, for uncertainpixels.

As to thevirtual backgrouncgatchnode, it only hasaf nity of toitselfin ,and toa
setof pixelsoutsideof ROlin . With theseinitial af nities, shavn in Fig. 4, we couple
theirinteractiongo derive the nal afnity matrices , and
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Figure4: Initial af nities andedges. s evaluatedfor pixelswithin adistanceof units
basedon the edgeresponsesn d). The afnity patternsof pixels within their square
neighbourhoodsre superimposean edgesin a), with darker pixels for larger af nity .

Patchgraph  is drawn in b), with thicker linesfor largeraf nity . A summaryof pixel-

patchaf nity is shavn in c¢), with object pixels marked black and non-objectpixels
white. Thevirtual backgroundbatchis associateavith a setof pixelsin the periphery

2.3 Interactions betweenaf nity matrices

Let and beintegrationweightingfactors.Let bearectifying function:

for and otherwise. Let be the degreematrix of afnity matrix . Itisa
diagonalmatrix with , . With thesenotationswe de ne (Fig.5):
4)
©)
(6)

Their explanationsare as follows. For pixel af nity matrix , we needto encodetop-
down feedbackthat cancorrectdataby either breakinglocal coherencee.g. enhancing
weak contours(Fig. 3c patches and ), or promotinglocal coherenceg.g. ignoring
occludingedges(Fig. 3c patch ). This expectedpixel af nity from object modelsis



capturedby . The nal pixel afnity is thusa weightedaveragebetweenthe
afnity computedfrom dataandthat expectedfrom objectmodels. Lik ewise, for patch
afnity matrix , we needto encodebottom-upfeedforward evidenceto corroborateor
wealenthepatchcompatibility. Theresultingpatchaf nity inducedby the pixel af nity is
capturecby . The nal patchafnity is aweightedaveragebetweerthe af nity
computedrom objectmodelsandthatexpectedirom data.The pixel-patchaf nity matrix

is obtainedby averaging  throughpixel andpatchaf nity , andthensortingout object
pixels accordingto their signs. This operationtakesboth pixel af nity and patchaf nity
into accountsothattheinitial top-dovn projectedsegmentatioris propagate@ndre ned.
The useof insteadof is to keepeachpatchinteractingwith a small setof pixels,
while having their strengthsmodulatedby the overall patchaf nity .
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Figure5: Final af nities andexclusionconstraints.a,b,c)Same&orventionsasin Fig. 4.
d)Fourlinked pairsof patchexompeteto enterthe objectgroup.

The correctionsmadeto initial pixel andpatchaf nities arerestrictedto local neighbous
hoodsof pixelsandpatches With the pixel-patchaf nity , patchesof goodcon gurations
bring their pixelsinto onegroup. Suchlong-rangebindingis essentiafor poppingout the
objectof interestamongmary equallygoodlow-level sggmentations.

Thechoiceof theseparameterslictatesvhatwe desirein the optimal objectsegmentation.
For theintegrationparameters and , we simply setthemto be unit-compatible.For
the weighting factorswe want  to balancethe total weightsbetweenpixel and patch
groupingso that the smallernumberof patchnodesdoesnot renderpatchgroupingin-
signi cant, while wewant  to belarge enoughsothattheresultsof patchgroupingcan
bring their associategixelsalongwith them:

— —

2.4 Encoding exclusionfor patch competition

The formulationpresentedo far doesnot preventthe desiredpixel and patchgroupfrom
including falselydetectedbatchesandtheir pixels, nor doesit favor the true objectpixels
to be away from unlabeledbackgroundpixels. We needfurther constraintsto restricta
feasiblegrouping.Thisis doneby constraininghe partitionindicator

In Fig. 5d,therearefour pairsof patchesvith thesameobjectpartlabels.To encodenutual
exclusionbetweerpatcheswe enforceonewinneramongpatchnodesin competition.For
example,only oneof the patches and canbe validatedto the objectgroup:

. We alsosetanexclusionconstraintbetweerareliablepatchandthe
virtual backgroundpatchso that the desiredobjectgroup standsout alonewithout these
unlabeledbackgrouncpixels, e.g . Formally, let bea
supersebf nodesto beseparatedndlet  denotethe cardinalityof aset.We have:

(8)



2.5 Segmentationasan optimization problem

We apply the normalizedcuts criterion [7] to the joint pixel-patchgraphin Eq. (1) and
formulatea constrainedptimizationproblem:

s.t. )

Let . By relaxingthe constraintsnto theform of [10Q], wecan
shaw [10] thatEq. (9) becomes constrainecigervalueproblem,the maximizerof which
is givenby thenontrivial leadingeigervector:

—— st (20)

(11)
(12)
Oncewe get the optimal eigervector we compare  thresholdsuniformly distributed

within its rangeandchoosehediscretesegmentatiorthatyieldsthe bestcriterion . Below
is anoverview of our algorithm.

1: Computeedgeresponse andcalculatepixel af nity , EQ.(2).
Detectpartsandcalculatepatchaf nity , Eq.(3).

Forminitial pixel-patchaf nity

Formulateconstraints amongcompetingpatches.

Compute , , bycouplinginteractionsdbetween and ,Eq.(4,5,6,7).
Form andcalculatéets degreematrix , Eq.(1).

Solve , Eq.(12).

Threshold to getadiscretesggmentation.

PNOTARWN

We avoid computing directly by takingadwantageof its low rank. It canbe shaovn that
theincreasan computationatomplexity is negligible given

3 Resultsand conclusions

In Fig. 6, we shaw resultson the syntheticimage. Imagesegmentationalonegetslostin
a clutteredscene Evengiven pixel-patchinteractionsa large objectgroupcanstill notbe
formedwithout patchgroupingcues. Given both patchgroupingandpatch-piel interac-
tions,a subsebf false-positie patchegorm a groupagainsitherpatchesandbackground
pixels. Only whenexclusionconstraintsare used the objectof interestcanbe segmented
out. With feedbackfirom objectmodels,unwantededgescausedy occlusion)andweak
edgeqillusory contours)recorrectedn the nal segmentation.

We apply our methodto humanbody detectionin a singleimage. We manuallylabel ve

body parts(both arms,both legs and the head)of a personwalking on a treadmillin all

32 imagesof a completegait cycle. Using the magnitudethresholdededgeorientations
in the hand-labeledoxesasfeatureswe train linear Fisherclassi ers[2] for eachbody
part.In orderto accounfor theappearancehange®f thelimbsthroughthegaitcycle,we

usetwo separatenodelsfor eacharm andeachleg, bringing the total numberof models
to . Eachindividual classi er is trainedto discriminatebetweenthe body part and a
randomimagepatch. We iteratively re-trainthe classi ers usingfalsepositivesuntil the
optimal performancds reachedover the training set. In addition, we train linear color-

basedclassi ers for eachbody partto perform gure-ground discriminationat the pixel

level. Alternatively a generaimodelof humanappearancbasedon lter responsesasin

[8] couldbeused.
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Figure6: Eigervectorsandtheir segmentationdor Fig. 3. Fromleft to right are: 1) pixel group-
ing alone; 2)pixel groupingwith pixel-patchinteractions(patchaf®nity setto the identity matrix);
3)pixel-patchgroupingwith their interactions;4)pixel-patchgroupingwith interactionsand exclu-
sionconstraintsComputatiortimesareobtainedn MATLAB onaPCwith GHz CPU.

In Fig. 2, we shaw theresultson a testimage. Thoughthe pixel-patchaf nity matrix ,
derived from the color classi er, is neitherprecisenor complete,andthe edgesareweak
at mary objectboundariesthe two processesomplementachotherin our pixel-patch
groupingsystemandoutputareasonabligoodobjectsegmentation.

Finally, we pointoutthatit takeslesstime to computethe solutionsin pixel-patchgrouping
sincethe sizeof the solutionspaceds greatlyreduced This providesan explanationfor the
speedf biologicalvision systemgyiventheir slow neurochemicasubstrates.
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