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Abstract

Segymentatiorandrecognitiorhavelong beertreatedastwo separat@ro-

cesses.We proposea mechanisnbasedon spectralgraph partitioning
thatreadily combinethe two processeto one. A part-basedecogni-
tion systendetectobjectpatchessuppliegheir partialsegmentationss
well asknowledgeaboutthespatialcon gurationsof theobject. Thegoal
of patchgroupingisto nd asetof patcheghatconformbestto theobject
con guration, while the goal of pixel groupingis to nd a setof pixels
that have the bestlow-level featuresimilarity. Throughpixel-patchin-

teractionaandbetween-patchompetitionencodedn the solutionspace,
thesetwo processesarerealizedin onejoint optimizationproblem. The
globally optimalpartitionis obtainedoy solvinga constraineeigervalue
problem. We demonstrateéhat the resultingobject segmentationelimi-

natesfalsepositivesfor the part detection while overcomingocclusion
andweakcontoursfor thelow-level edgedetection.

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 eitherapproacltalonehasits dravbacks.

Withoututilizing any knowledgeaboutthesceneimagesegmentatiorgetslostin poordata
conditions:weakedgesshadavs, occlusionsaandnoise.Missedobjectboundarieganthen
hardlyberecoveredin subsequentbjectrecognition.Gestaltisthave long recognizedhis

issue,circumentingit by addinga groupingfactor called familiarity [6]. Without being
subjecto perceptuatonstraintsmposedoy low level grouping,anobjectdetectiorprocess
canproducemary falsepositivesin a clutteredscend3]. Oneapproachs to build a better
partdetectorbut this hasits own limitations, suchasincreasan the compleity of classi-
ers andthe numberof trainingexamplesrequired.Anotherapproachwhich we adoptin



this paper is basedon the obsenationthat the falselydetectedbartsare not perceptually
salient(Fig. 1), thusthey canbe effectively prunedaway by perceptuabrganization.
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Figurel: Humanbody partdetection.A total of 27 partsare detectedgeachlabeledby 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 hasthe samefeaturesasits surroundings.Secondly falsepositives are often incompatible
with nearbyparts,e.g. the patchon the treadmill thatis labeledheadhasno otherpatchesn the
imageto make up awhole humanbody Thesetwo conditions low-level imagefeaturesalieny and
high-level partlabelingconsisteny, areessentiafor the sggmentationof objectsfrom background.
Both cuesareencodedn our pixel andpatchgroupingrespectiely.

We proposea segmentationmechanisnthatis coupledwith the objectrecognitionpro-

cess(Fig. 2). Therearethreetightly coupledprocessesl1)Top-level: part-basedbject
recognitionprocesslt learnsclassi ersfrom trainingimageso detectpartsalongwith the
segmentatiorpatternsandtheir relative spatialcon gurations.A few approachebasedn

patternclassi cationhave beendevelopedfor partdetection9, 3]. Recentwork on object
segmentation1] usesimagepatchesandtheir gure-ground labelingasbuilding blocks
for segmentation.2)Bottom-level: pixel-basedsegmentationprocess.This processnds

perceptuallyicoherengroupsusingpairwiselocal featuresimilarity. Thelocal featuresve

usehereare contourcues. 3)Interactions:couplingobjectrecognitionwith segmentation
by linking patcheswith their correspondingpixels. With sucha representationye concur

rently carry out objectrecognitionandimagesegmentationprocessesThe nal outputis

an objectseggmentationwherethe objectgroup consistsof pixelswith coherentow-level

featuresandpatcheswith compatiblepartcon gurations.

We formulateour objectsegmentatiortaskin a graphpartitioningframeawork. We repre-
sentlow-level groupingcueswith agraphwhereeachpixelis anodeandedgesetweerthe
nodesencodeheaf nity of pixelsbasedntheir featuresimilarity [4]. We represenhigh-
level groupingcueswith a graphwhereeachdetectedpatchis 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. 3. Supposewe are
interestedin detectinga human-like con guration. Furthermore we assumethat some
objectrecognitionsystemhaslabeleda setof patchesasobjectparts. Every patchhasa
local sgmentatioraccordingto its partlabel. Therecognitionsystemhasalsolearnedthe
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Figure2: Model of objectsegmentation.Given animage,we detectedgesusinga setof oriented
Iter banks. The edgeresponsegrovide low-level groupingcues,anda graphcanbe constructed
with onenodefor eachpixel. Shavn on the middleright areafnity patternsof ve centerpixels
within a squareneighbourhoodoverlaid on the edgemap. Dark meandarger af nity . We detecta
setof candidatédody partsusinglearnedclassi ers. Body partlabelingprovideshigh-level grouping
cuesandaconsisteng graphcanbeconstructedvith onenodefor eachpatch.Shovn onthemiddle
left arethe connectiondetweerpatches.Thicker lines meanbettercompatibility Edgesarenoisy,
while patchexontainambiguityin local segmentatiorandpartlabeling. Patchesandpixelsinteract
by expectedocal sggmentatiorbasedn objectknowledge,asshavn in the middleimage.A global

partitioningon the coupledgraphoutputsan objectsegmentatiornthat hasboth pixel-level salieny
andpatch-leel consisteng



statisticaldistribution of the spatialcon gurationsof objectparts.Givensuchinformation,
we needto addresswo issues. Oneis the cue evaluationproblem,i.e. how to evaluate
low-level pixel cues,high-level patchcuesand their sgmentationcorrespondenceThe
otheris theintegrationproblem,i.e. how to fusepartialandimpreciseobjectknowledge
with somavhatunreliablelow-level cuesto segmentout the objectof interest.
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Figure3: Giventheimageontheleft, wewantto detectheobjectontheright). 11 patche®f various
sizesaredetectedmiddletop). They arelabeledasheadd), left-upperarm@, 9), left-lowerarm(,

10), left-leg (11), left-upperleg(4), left-lower-leg(5), right-arm@), right-leg(7, 8). Eachpatchhasa
partial local sgmentatiorasshavn in thecenterimage.Objectpixelsaremarkedblack,background
white and othersgray The imageintensityitself hasits naturalorganization,e.g. pixels acrossa

strongedge(middle bottom)arelikely to bein differentregions. Our goalis to nd the bestpatch-
pixel combinationghatconformto the objectknowledgeanddatacoherence.

2.1 Representations

We denotethe graphin Fig. 2by G = (V;E;W). Let N be the numberof pixels and
M the numberof patches.Let A bethe pixel-pixel af nity matrix, B bethe patch-patch
afnity matrix, andC be the patch-pidel af nity matrix. All theseweightsare assumed
nonngative Let g and ¢ bescalarge ecting therelative importanceof B andC with

respecto A. Thenthenodesetandtheweightmatrix for the pairwiseedgesetE are:

V= gl Nk N M
pixels patches

.
AN N c Cyv wm
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W(A;B;C; &; c) 1)



Objectsggmentationcorrespondso a nodebipartitioningproblem,whereV = Vi [ V3
andVi\ V, = ?. Weassumé/; containsasetof pixel andpatchnodeshatcorrespondo
theobject,andV; is therestof the backgroundixelsandpatchedhatcorrespondo false
positvesandalternatye labelings.Let X1 bean(N + M) 1 vector with X (k) = 1
if nodek 2 V; andO otherwise.lt is corvenientto introducetheindicatorfor V,, where
Xo>=1 X4andlisthevectorof ones.

We only needto processthe imageregion enclosingall the detectedpatches. The rest
pixelsareassociatedvith a virtual backgroundpatch,which we denoteaspatchN + M,
in additiontoM 1 detectedbjectpatchesRestrictionof segmentatiorto this region of
interest(ROI) helpsbindingirrelaventbackgroundelementsnto onegroup[10].

2.2 Computing pixel-pixel similarity A

The pixel af nity matrix A measuresow-level imagefeaturesimilarity. In this paperwe
chooseintensity as our featureand calcuateA basedon edgedetectionresults. We rst

convolve the imagewith quadraturepairs of oriented lters to extract the magnitudeof
edgeresponse®E [4]. Leti denotethelocationof pixeli. Pixel af nity A is inversely
correlatedwith the maximummagnitudeof edgescrossingtheline connectingwo pixels.
A(i; j) islowif i, areonthetwo sidesof a strongedge(Fig. 4): |

1 maxpeyOE(@+t j)

A(iyj) = exp 22 maxy OE (k) :A(1'3) 52)
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Figure4: Pixel-pixel similarity matrix A is computedhasecdbn intensityedgemagnitudes.

2.3 Computing patch-patch compatibility B and competition

For objectpatcheswe evaluatetheir positioncompatibilityaccordingto learnedstatistical
distributions. For objectpartlabelsa andb, we canmodeltheir spatialdistribution by a
Gaussianwith mean 5, andvariance 4, estimatedrom trainingdata.Let p betheobject
labelof patchp. Let p bethecenterdocationof patchp. For patchegp andq, B (p;q) is low
if p, g form rarecon gurationsfor their partlabelsp andq (Fig. 5a):

BRid=em (0 a4 ) @ 9 b0 3)

We manuallysetthesevaluesfor ourimageexamples.As to the virtual backgroundatch
node,it only hasaf nity of 1toitself.

Patchcompatibility measureglonedo not preventthe desiredpixel andpatchgroupfrom
includingfalselydetectegatchesndtheir pixels,nor doesit favor thetrue objectpixelsto
beawayfrom unlabeledackgroungixels. We needfurtherconstraintso restrictafeasible
grouping.This is doneby constraininghe partitionindicatorX . In Fig. 5b, therearefour
pairs of patcheswith the sameobjectpart labels. To encodemutual exclusionbetween
patcheswe enforceonewinneramongpatchnodesin competition.For example,only one
of thepatches and8 canbevalidatedto the objectgroup: X (N + 7)+ X (N + 8) = 1.



We also setan exclusion constraintbetweena reliable patchand the virtual background
patchsothatthedesiredobjectgroupstandout alonewithout theseunlabeledbackground
pixels,e.gX1(N + 1) + X3(N + M) = 1. Formally, let S be a supersebf nodesto be
separate@ndlet | denotah§cardinalityof aset.We have:

Xi(k)=1, m=1:jSj: (4)

B(1;2) 1 k2 Sm 7 and8 cannotbothbe
B(10;5) O partof the object
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Figure5: a) Patch-patctcompatibilitymatrix B is evaluatedbasecbn statisticalcon guration plau-

sibility. Thickerlinesfor largeraf nity . b) Patchesof the sameobjectpartlabelcompeteo enterthe
objectgroup.Only onewinnerfrom eachlinked pair of patchecanbevalidatedaspartof theobject.

2.4 Computing pixel-patch associationC

Every objectpartlabelalsoprojectsan expectedpixel segmentationwithin the patchwin-
dow (Fig. 6). The pixel-patchassociatioimatrix C hasonecolumnfor eachpatch:

..+ _ 1, ifiisanobjectpixel of patchp,
Ciip) = 0; otherwise. ()

For thevirtual backgroundgatch,its membempixelsarethoseoutsidethe ROI.
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Figure6: Pixel-patchassociatiorC for objectpatchesObjectpixelsaremarkedblack,background
white andothersgray A patchis associatedvith its objectpixelsin thegivenpartial sgmentation.

Finally, we desire g to balancahetotalweightsbetweerpixel andpatchgroupingsothat
M N doesnotrendematchgroupinginsigni cant, andwe want ¢ to belargeenough
sothattheresultsof patchgroupingcanbring alongtheir associategixels:
I ELAC . B 6)
1Bl maxC’
2.5 Segmentationasan optimization problem

We applythe normalizedcutscriterion[7] to thejoint pixel-patchgraphin Eq. (1):
X XTWX

X
—_— .t Xi(k)=1, m=1:jSj: 7
XTDX, S 1(k) m iSj (7)

k2 Sm

max (X1) =
t=1



P
D is the diagonaldegreematrix of W, D (i; i) = j W(i;j). Letx = X3 XllTT%ﬁl.
By relaxingthe constraintsnto theform of L "x = 0[10], Eq. (7) becomesa constrained

eigervalueproblem[10], the maximizergivenby the nontrivial leadingeigervector:

_ x' . Ty — 0
X = argmax DX s.t.L'x=0: (8)
QD 'wx = x ; (9)
Q = | D WL'™D L) WLT: (10)

Oncewe get the optimal eigervector we comparel0O thresholdsuniformly distributed
within its rangeandchoosehediscretesegmentatiorthatyieldsthe bestcriterion . Below
is anoverview of our algorithm.

: Computeedgerespons®E andcalculatepixel af nity A, Eq.(2).
Detectpartsandcalculatepatchaf nity B, Eq.(3).

FormulateconstraintsS andL amongcompetingpatchesEq. (4).
Setpixel-patchaf nity C, Eq.(5).

Calculateweights g and ¢, Eq.(6).

FormW andcalculatets degreematrix D, Eq. (1).

SolveQD Wx = x ,Eq.(9,10).

Thresholdx to getadiscretesegmentation.

oNoORWNE

3 Resultsand conclusions

In Fig. 7, weshaw resultsonthe120 120synthetidmage.Imagesegmentatioralonegets
lostin a clutteredscene.With concurrentsggmentationandrecognition,regionsforming
the objectof interestpopout, with unwantededgeqcauseddy occlusion)andweakedges
(ilusory contours)correctedin the nal segmentation. It is alsofasterto computethe
pixel-patchgroupingsincethe sizeof the solutionspaces greatlyreduced.
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segmentatioralone concurrensegmentatiorandrecognition
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Figure7: Eigervectors(row 1) andtheir ssgmentationgrow 2) for Fig. 3. Ontheright, we shav the
optimal eigervector on both pixels and patchesthe horizontaldottedline indicating the threshold.
Computatiortimesareobtainedn MATLAB 6.0onaPCwith 1GHz CPUand1G memory

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 9. Eachindividual classi er is trainedto discriminatebetweenthe body part and a
randomimagepatch. We iteratively re-trainthe classi ers usingfalsepositivesuntil the
optimal performances reachedover the training set. In addition, we train linear color-
basedclassi ers for eachbody partto perform gure-ground discriminationat the pixel
level. Alternatively ageneramodelof humanappearanckasedn lter responseasin [8]
couldbeused.In Fig. 8, we show theresultsonthetestimagein Fig. 2. Thoughthe pixel-
patchaf nity matrix C, derivedfrom the color classi er, is neitherprecisenor complete,
andthe edgesare weak at mary objectboundariesthe two processesomplementach
otherin our pixel-patchgroupingsystemandoutputareasonablgoodobjectsegmentation.

segmentatioralone:68 seconds segmentation-recognitiorb8 seconds
Figure8: Eigervectorsandtheir segmentationgor the261 183 humanbodyimagein Fig. 2.

Acknowledgments We thank Shyjan Mahamudand anorymousrefereesfor valuable
commentsThisresearchs supportedby ONR N00014-00-1-09%andNSFIRI-9817496.

References
[1] E.BorensteimandS. Uliman. Class-speci ctop-davn segmentation.In EuropeanConfeence
on ComputenMision, 2002.
[2] K. Fukunagalntroductionto statisticalpatternrecaynition. AcademicPress,1990.

[3] S.MahamudM. Hebert,andJ. Lafferty. Combiningsimplediscriminatordor objectdiscrimi-
nation. In EuropeanConfeenceon Computenvision, 2002.

[4] J.Malik, S.Belongie,T. Leung,andJ. Shi. Contourandtexture analysisfor imagesegmenta-
tion. InternationalJournal of Computervision, 2001.

[5] D.Marr. Vision. CA: Freeman1982.
[6] S.E.Palmer Visionscience:fromphotonsto phenomenolgy. MIT Press;1999.

[7] J.ShiandJ.Malik. Normalizedcutsandimagesegmentationln IEEE Confeenceon Computer
\ision and PatternRecanition, pages/31-7,Junel997.

[8] H. SidenbladrandM. Black. Learningimagestatisticsfor Bayesiartracking. In International
Confeenceon Computenision, 2001.

[9] P Viola andM. Jones.Rapidobjectdetectionusinga boostedcascadef simplefeatures.in
IEEE Confeenceon ComputenVision and PatternRecanition, 2001.

[10] S.X. YuandJ.Shi. Groupingwith bias. In Neurl InformationProcessingSystems2001.



