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Abstract

This paper studiesthe problem of combiningregion and
boundarycuesfor natural image segmentation e employ
a large databaseof manually segmentedmagesin order
to learn an optimal af nity functionbetweerpairs of pix-
els. Thesepairwise af nities can thenbe usedto cluster
the pixelsinto visually coheent groups. Region cuesare
computedasthe similarity in brightnessgcolor, andtexture
betweenmage patches. Boundarycuesare incorporated
by looking for the presenceof an “intervening contour”, a
large gradientalonga straightline connectingwo pixels.

We r st usethe datasetof humansegmentationgo in-
dividually optimizeparametes of the patd and gradient
featules for brightness,color, and texture cues. We then
guantitativelymeasue the power of different feature com-
binationsby computingthe precisionand recall of classi-

er s trained usingthosefeatures. The mutualinformation
betweerthe outputof the classi ers and the same-sgment
indicator functionprovidesan alternativeevaluationtech-

niquethatyieldsidenticalconclusions.

As expected,the best classi er males use of bright-
ness,color, and texture featues, in both patch and gradi-
ent forms. We nd that for brightness,the gradient cue
outperformsthe patch similarity. In contrast, using color
patch similarity yields betterresultsthan using color gra-
dients. Texture is the mostpowerful of the three channels,
with both patchesand gradientscarrying signi cant inde-
pendeninformation. Interestingly the proximity of the two
pixelsdoesnot add any information beyondthat provided
by the similarity cues. We also nd that the corvexity as-
sumptionsmadeby the interveningcontour approach are
supportedy the ecolgical statisticsof the dataset.

1. Intr oduction

Boundariesand regionsare closely intertwined. A closed
boundarygeneratesaregionwhile everyimageregionhasa

boundary Psychophysicexperimentssuggesthathumans
usebothboundaryandregion cuesto performsegmentation
[43]. In orderto build a vision systemcapableof parsing
naturalimagesnto coherentinitscorrespondingo surfaces
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andobjectsjt is clearlydesirableo make globaluseof both
boundaryandregioninformation.

Historically, researcherbave focusedseparatelyon the
sub-problemsof boundaryand region grouping. Region
basedapproachesre motivated by the Gestaltnotion of
groupingby similarity. They typically involve integrating
featuressuchascolorortextureoverlocal patche®f theim-
age[8,12,32] andthencomparingdifferentpatche$26,31].
However, smoothchangedn textureor brightnessausedy
shadingandperspectie within regionsposea problemfor
this approactsincetwo distantpatchesanbequitedissim-
ilar despitebelongingto the samemagesegment.To over-
comethesdif culties, gradienthasedapproachedetecto-
cal edgefragmentsmarked by sharp,localizedchangesn
someimagefeature[4, 24,18,30,20]. The fragmentscan
thenbe linked togetherin orderto identify extendedcon-
tours[28,42,6].

Lesswork hasdealtdirectly with the problemof nding
anappropriaténtermediategepresentatioim orderto incor-
poratenon-closedboundaryfragmentsinto seggmentation.
Mathematicalformulationsoutlined by [11, 25,23] along
with algorithmssuchas[19, 13] have attemptedto unify
boundaryandregion information. More recently [17,40]
have demonstratedhe practicalutility of integrating both
in orderto sggmentimagesof naturalscenes.

Therearewidely held “folk-beliefs” regardingthe vari-
ouscuesusedfor imagesegmentationbrightnesgradients
(causedby shading)andtexture gradients(causecdby per
spectve) necessitata boundary-basedpproachgdgede-
tectorsareconfusedy texture,soonemustusepatch-based
similarity for texturesegmentationgolorintegratedoverlo-
cal patchess a robust and powerful cue. However, these
contradictorystatementshave not beenempirically chal-
lenged.By usinga datasebf humansegmentationg21, 5]
asgroundtruth,we are ableto provide quantitatve results
regardingthe ecologicalstatisticd of patch-andgradient-
baseccuesandgaugetheir relative effectiveness.

We treat the problem of integrating both gradientand
patchinformationfor sgmentatiorwithin theframework of

1our approacHollows thelines of EgonBrunswik's suggestiomearly
50yearsagothatthe Gestalffactorsmadesensebecausehey re ectedthe
statisticsof naturalsceneg3].
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Figure 1: Pixel afnity images. The rst row shavs animage
with onepixel selected.The remainingrows shav the similarity
betweenthat pixel andall otherpixelsin theimage,wherewhite
is mostsimilar. Rows 2-4 shav our patch-only contouronly, and
patch+contouaf nity models.Rows 5 and6 shav the pixel sim-
ilarity asgiven by the groundtruthdata,wherewhite corresponds
to more agreemenbetweenhumans. Rowv 6 shavs simply the
same-sgmentindicatorfunction, while row 5 is computedusing
interveningcontouron the humanboundarymaps.

pairwiseclustering[38,44,37,39,7,29,10,41]. In contrasto
centralclusteringtechniguesuchask-meansor mixtures-
of-Gaussiansvhich comparesachpixel (or otherimageel-
ementto somesmallsetof prototypespairwisetechniques
rely on the evaluationof anaf nity functionbetweeneach
pair of imagepixels. While pairwisetechniquegendto be
more computationallyexpensve, they have the advantage
of removing the constrainthat pixels be explicitly embed-
dedin somenormedvectorspacevhereEuclideanor Ma-
halanobisdistancesmake sense”. Instead,pixels are im-
plicitly describedy their similarity to every otherpixel in
theimage.

The pairwise framework allows patchand gradientin-
formationequalfooting in the following way. Associatea
descriptorto eachpixel that capturescolor, brightnessand
texturein aneighborhooaf thepixel. Thepatchbasedsim-
ilarity betweentwo pixelsis a function of the differencein
their descriptors.A gradientis computedasthe changein
thesdocal descriptordetweemearbypixels. For eachpair
of pixels,recordthe magnitudeof the gradientencountered
alonga straightpathconnectinghetwo pixelsin theimage
plane. Large gradientsindicatethe presenceof an “inter-
veningcontour”[15] andsuggestshe pixelsdo not belong
to the samesegment. The pairwiseaf nity betweerthe -th

and -th pixel is givenby a function whoseargumentsare
thesimilarity betweerthe -thand -thlocaldescriptorand
thegradientsalongthe pathfrom and .

Most applicationsof pairwise clusteringto segmenta-
tion have madeuse of heuristically derived af nity func-
tions (e.g.[17]). It is a naturalproposal[22] to learn op-
timal pairwiseaf nities from training data. In the results
presentedhere,nearlyall free parametergi.e. lter scales,
histogrambinning andquantizationgdescriptomwindowing,
combinationof gradientfeaturesgtc.) have beencarefully
optimizedwith respecto training data. Our goalis to ex-
plicitly model the posteriorprobability of two pixels be-
longing to the sameimagesegmentconditionedon photo-
metric propertiesof the image. Figure 1 shavs examples
of both groundtruthaf nity functionsand af nity models
learnedirom data.

We provide two generalschemesor evaluatingthe ef-
fectivenessf differentcombinationsof features.The rst
is to train a classi er which declarestwo pixels as lying
in the sameor different sggmentsgiven someset of fea-
tures.Classi er performancas thenevaluatedoy consider
ing the trade-of betweerprecisionandrecall. The second
approachs to computehemutualinformationbetweerthe
classi er outputand the same-sgmentindicator provided
by the humansgmentations. Thesetwo schemesre in
strongagreemenivhich lendsforceto our ndings:

Sgymentation®f the sameimageby differenthumans
are quite consistentvith eachother “Fine” sggmen-
tationstendto be“coarse”sggmentationsvith regions
that have beenre ned by breakingtheminto roughly
corvex parts.

The ecologicalstatisticsof the datasetshav that re-
gions are mostly corvex, validating the assumptions
madeby theinterveningcontourapproach.

Intervening contour and patch comparisonsboth
provide signi cant, independentinformation about
whethertwo pixelsbelongin the samesegment.

Thecolor cueis bestcapturedusingpatcheswhile for
brightnesoneshouldusegradients.For texture, both
gradientsandpatchesarevaluable.

The proximity betweentwo pixels does not pro-
vide ary information not given by the patch-basedr
gradient-basesimilarity. It is simplyaresultof group-
ing, notacue.

2. Methodology

We formulate the problem of learning the pixel af nity

functionasaclassi cationproblemof discriminatingsame-

segmentpixel pairsfrom different-sgmentpairs. Let

bethetruesame-sgmentindicatorsothat whenpix-

els and arein thesamesggment,and whenpixels
and arein differentsegments.
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Figure 2: Performanceof humanscomparedto our bestpixel
afnity models.Thedotsshaw the precisionandrecall of eachof
1366 humanseggmentationsn the 250-imagetestsetwhencom-
paredto the otherhumans'segmentationof the sameimage. The
large dot marksthe medianrecall (99%) and precision(63%) of
thehumans.Theiso-F-measureune at F=77%is extendedfrom
this pointto representhe frontier of humanperformancdor this
task. The threeremainingcunesrepresenbur patch-onlymodel,
contouronly model, and patch+contoumodel. Neither patches
nor contoursaresufcient, asthereis signi cant independenin-
formationin thepatchandcontourcues.The modelusedthrough-
outthepaperis alogistic functionwith quadraticermswhich per
formsthebestamongclassi erstried on this dataset.

The Berkeley SegmentationDataset[21, 5] provides
the groundtruthsegmentationdata. This datasetcontains
12,000manualsegmentationsof 1,000imagesby 30 hu-
mansubjectsHalf of theimageswverepresentedo subjects
in grayscaleandhalf in color. We usethe color segmen-
tationsfor 500 images,divided into testandtraining sets
of 250imageseach.Eachimagehasbeenseggmentedby at
least5 subjects,sothe groundtruth  is de ned by a set
of humanseggmentationsWe declaretwo pixelsto lie in the
samesggmentonly if all subjectdeclarethemto lie in the
samesegment.

Givenaclassi eroutput , we canevaluatethe classi-
er' s performancean two ways. Our rst evaluationtech-
nigue usesthe precision-ecall (PR) framavork, which is
a standardmethodin the informationretrieval community
[33]. This framewvork wasusedby AbdouandPratt[1] to
evaluateedgedetectors,andis similar to the ROC curve
frameavork usedby Bowyer et al. [2] for the samepur-
pose.Theapproactproducesa curve parameterizetyy de-
tector thresholdwhich shows the trade-of betweennoise
andaccurag asthethresholdvaries. For exampleseeFig-
ure 2. Precisionmeasureshe probability that two pixels
declaredby the classi er to be in the samesegmentarein
the samesggment,i.e. . Recallmeasures
the probability that a samesegmentpair is detected,i.e.
. The PR approachis particularly ap-
propriatewhenthe two classesare unbalanced By focus-
ing onthe scarcerclass—same-genentpairsin our case—

performancés notin ated by theeaseof detectinghedom-
inantclass.

Precision and recall can be combined with the F-
Measue, whichis simply aweightedharmonicmean:

. Theweight representshe relative
importanceof precisionandrecallfor a particularapplica-
tion. We use in our experiments.The F-measure
canbe evaluatedalong the precision-recalcurve, andthe
maximumvalueusedto characterizéhe curve with asingle
number Whentwo precision-recalturvesdo notintersect,
the F-measurds a usefulsummarystatistic.

The secondapproachto evaluating a classi er mea-
suresthe mutualinformation betweenthe classi er out-
put and the groundtruthdata Given the joint dis-
tribution , the mutual informa-
tion is de ned asthe Kullback-Lieblerdivergencebetween
the joint and the productof the mamginals, so

. We computethejoint distribution
by binningthesoftclassi er output.

3. Features

We will modeltheaf nity betweertwo pixelsasafunction
of both patch-base@nd gradient-basedeatures. In each
case,we canusebrightnessgcolor, or texture, producinga
total of six features We alsoconsidetthe distancebetween
the pixelsasa seventhfeature.

3.1 Patch-BasedFeatures

Givena pair of pixels, we wish to measurehe brightness,
color, and texture similarity betweencircular neighbor

hoodsof someradiuscenteredat eachpixel. Distributions

of color in perceptuatolor spaceshave beensuccessfully
usedasregiondescriptorsn imageretrieval systemsuchas

QBIC [26], aswell asmary color sgmentatioralgorithms.
We employ the1976CIE L*a*b* colorspaceseparatethto

luminanceand chrominancechannels. We model bright-

nessandcolor distributionswith histogramsonstructedy

binningkerneldensityestimatesHistogramsarecompared
with the histogramdifferenceoperatof32].

For the brightnessue,we usetheL* histograntfor each
pixel. In the caseof color, it is not necessaryo compute
the joint a*b* histogram. Instead,it sufces to compute
separatea* and b* histograms,and simply sum their
contributions. This is motivatedby the factthata* andb*
correspondo thegreen-recgndyellow-bluecoloropponent
channelsn the visual cortex, aswell asthe perceptuabr-
thogonalityof thetwo channelgseePalmer[27]).

The histogramdifferencedoesnot make useof the
perceptualdistancebetweenthe bin centers. Therefore,
without smoothing, perceptuallysimilar colors can have
large  differences.Becausehe distancebetweenpoints
in CIELAB spaceis perceptuallymeaningfulin a local
neighborhoodbinningakerneldensityestimatevhoseker-



nel bandwidth matchesthe scaleof this neighborhood
meanghatperceptuallysimilar colorswill have similar his-
togramcontributions. Beyond this scale,wherecolorsare
incommensurate, will regardthemasequallydifferent.
The combinationof a kernel densityestimatein CIELAB
with the  histogramdifferenceis a good matchto the
structureof humancolor perception.

For the patch-basetexture feature we comparethedis-
tributions of lter responsesn the two discs. Thereis
an emeging consensushat for texture analysis,animage
should rst becorvolvedwith abankof Iters tunedto var
ious orientationsand spatialfrequencieg8, 18]. Our lter
bank containselongatedquadraturepair Iters—Gaussian
secondderivativesandtheir Hilbert transforms—asix ori-
entationsalongwith onecentersurroundlter . The empir
ical distribution of Iter responsetasbeenshown to bea
powerful featurefor bothtexture synthesig§12] andtexture
discrimination[31].

Therearemary optionsfor comparingthe distributions
(seePuzichaetal. [31]), but we usetheapproachdeveloped
in [17] which is basedon the ideaof textons The texton
approactestimateghejoint distribution of lter responses
usingadaptvebins,whicharecomputedvith -meansThe
texture descriptoifor a pixel is thereforea -bin histogram
over the pixelsin a disc of radius centeredon the pixel.
Asin [17], we comparedescriptorswith the  difference.

All of the patch-basedeatureshave parametershatre-
quire tuning, suchas the radius of the discs, the binning
parameteror brightnessandcolor, andthetexton parame-
tersfor texture. Sectiond.3coverstheexperimentghattune
theseparametersvith respecto thetrainingdata.

3.2 Gradient-BasedFeatures

Given a pair of pixels, considerthe straight-linepath con-
nectingthemin theimageplane.If thepixelslie in different
segmentsthenwe expectto nd, someavherealongtheline,
a photometricdiscontinuityor interveningcontour[15]. If
no suchdiscontinuityis encounteredthenthe af nity be-
tweenthepixelsshouldbelarge.

In orderto computethe interveningcontourcue,we re-
quire a boundarydetectorthat works robustly on natural
images. For this we emplgy the gradient-basedoundary
detectorof [20]. The outputof the detectoris a B,image
thatprovidestheposteriomprobabilityof aboundaryateach
pixel. We considerthe three R imagescomputedusing
brightnesscolor, andtexture gradientsndividually, aswell
asthe B imagethat combinesthe threecuesinto a single
boundarymap. The combinedmodelusesa logistic func-
tion trainedon the datasetwhich is well motivatedby ev-
idencein psychophysicshathumansmale useof multiple
cuesin localizingcontourg34] perhapaisingalinearcom-
bination[14]. Otherclassi ersbesideghe logistic function
performedequallywell.

The gradientsare computedin a nearly identical man-
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Figure 3: Agreementbetweenhumansementations. The left

panelshaws the distribution of precisionandrecall for the 5555
humansegmentationf all 1020imagesin the dataset.The pre-
cision andrecall are measuredvith respecto the classof same-
segmentpixel pairs,andeachhumanis comparedo the union of

all otherhumans. High recall and lower precisionsupportsthe
hypothesighatthe differentsubjectperceve the samesegmenta-
tion hierarchy but segmentat differentlevels of detail. Theright

panelshaws the distribution of precisionandrecallwhentheleft-

outhumarandunion-of-humansomefrom differentimages.This

comparisomrovidesalower-boundfor thesimilarity betweerseg-

mentationsithout changingthe statisticsof thedata.

nerto our patchfeatures.Insteadof comparinghistograms
betweertwo whole discs,the gradientis basedon the his-
togramdifferencebetweenthe two halvesof a singledisc,
similarto [36,35]. Theorientationof thedividing diagonal
setstheorientationof thegradientandtheradiusof thedisc
setsthe scale. All of the parameter®f the gradientshave
beentunedby [20] on the samedataseto optimally detect
theboundariesnarked by the humansubjects.

We computethe intervening contour cue for two pix-
els and from the R valuesthat occuralongthe straight
line path connectingthe two pixels. We consider

the family of measures R for

, aswell asthe meanof R, . The
next sectionwill coverthechoiceof theinterveningcontour
function,aswell asthe bestway to combinethe contourin-
formationfrom the brightnesscolor, andtexturechannels.

4. Findings
4.1 Validating the Groundtruth Dataset

Beforeapplyingthe humansegmentationdatato the prob-
lem of learningandevaluatingaf nity functions,we must
determinethat the datasets self-consistent.To this end,
we validatethe dataseby comparingeachsegmentatiorto
the remainingsegmentationof the sameimage. Treating
the left-out sgmentationas the signal and the remaining
segmentationasground-truthyve applyourtwo evaluation
methods.

Theleft panelof Figure3 shows the distribution of pre-
cision and recall for the entire datasetof 1020 images.
Sincethe “signal” in this caseis binary-valued,we have
a single point for eachsegmentation. The distribution is
characterizedby high recall, with a medianvalue of 99%.
This indicatesthat 99% of the same-sgmentpairsin the
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Figure4: Theleft panelshavs the sametwo distributionsasFig-
ure 3, with precisionand recall combinedusing the F-measure.
Theright panelshaws the distribution of mutualinformationfor
the same-imageand different-imagecases. The low overlapin
eachpanel(2.7% and 2.2%) atteststo the self-consistenc of the
data. As expected signi cant informationis sharecbetweerseg-
mentation®f thesamemage.ThemedianF-measuref 0.76and
mutualinformationof 0.25representshe target performanceor
our af nity models.

ground-truthare containedin a left-out humanseggmenta-
tion. The medianprecisionis 66%, indicatingthat 66% of

the same-sgmentpairsin a left-out humanseymentation
are containedin the ground-truth. Thesevaluessupport
the interpretationthat the different subjectsprovide con-

sistentsggmentationsarying simply in their degreeof de-

tail. For comparisontheright panelof the gure showvsthe

distribution whenthe left-out humansegmentatiorandthe

groundtruthsegmentationsreof differentimages.

The left panelof Figure4 shaws the distribution of the
F-measurdor the same-imagend different-imagecases.
Similarly, the right panelshaws the distributions for mu-
tualinformation. The clearseparatiorbetweersame-image
anddifferent-imagecomparisonatteststo the consisteng
of sggmentation®f thesamdmage.ThemedianF-measure
of 0.76 andmutualinformationof 0.25representhe max-
imum achievable performancefor pairwise af nity func-
tions.

4.2 Validating Inter vening Contour

Althoughtheecologicalstatisticsof naturalimagesndicate
thatregionstendto be corvex [9], the presenc®f aninter
veningcontourdoesnot necessarilyndicatethattwo pixels
belongin differentsegments. Concaities introduceinter-
veningcontoursbetweensame-sgmentpixel pairs. In this
sectionwe analyzethefrequeng with which this happens.
Giventhe union of bound-
rews | @ry mapsfor all humanseg-
mentationsof an image, we
measurethe probability that
same-sgment pairs have no
interveningboundarycontour
The gure at left shaws this
probability as a function of
pixel separationalongwith the numberof same-sgment
pairsat eachdistance.If theregionswerecorvex, thenthe
curve would be x edat one. Straight-lineinterveningcon-

1,

0.8]

0.6}

0.4

0.2

S T

0 50 100 150 200 250
Distance (pixels)

p(LlhopSL) p(lhop SL)

SmallScale

LargeScale

Figure5: Eachpanelshavstwo pixels,markedwith squaresthat
all humansdeclaredto be in the samesegment. The intensity at
eachpointrepresenttheempiricalprobabilitythata one-hoppath
throughthat point doesnot intersecta boundarycontour The left
columnis conditionedontherebeinganunobstructedtraight-line
(SL) path betweenthe pixels, while the right column shavs the
probabilitieswhenthe SL pathis obstructed.The top row shavs
datagatheredrom pixel pairswith small separationthe bottom
row for pairswith large separation. SeeSection4.2 for further
discussion.

touris agoodapproximatiorto the same-sgmentindicator
for small distances:49% of same-sgmentpairsarein the
75%correctrange.

Whenstraight-lineinterveningcontourfails for a same-
segmentpair, thereexistmorecomple pathsconnectinghe
pixels. Consideithesetof pathsthatconsistof two straight-
line sggmentswhich we call one-hoppaths.The situations
whereone-hoppathssucceedbut straight-linepathsfail can
give usintuition abouthow muchcanbegainedby examin-
ing pathsmorecomple thanstraightline paths.

Figure5 shavs the empiricalspatialdistribution of one-
hop paths betweensame-sgment pixel pairs, using the
union of humansegmentations.The probability of a one-
hop path existing is conditionedon (left) there being a
straight-linepath with no intervening contourand (right)
ontherebeingno straight-linepath. If the humansubjects’
regionswerecompletelycorvex, thenthe right columnim-
ageswould be zero. Instead,we seethat when straight-
line interveningcontourfails, thereis asmallbut signi cant
probabilitythata morecomplex one-hoppathwill succeed,
andtheprobabilityof suchapathis largerfor smallerscales.
Thereis clearlysomebene t from the morecomple paths
dueto concaities in the regions. However, the degreeto
which analgorithmcouldtake advantageof the more pow-
erful one-hopversionof interveningcontourdepend®nthe
frequeng with whichtheone-hoppathsnd holesin thees-
timatedboundarymap. In ary casethe gure makesclear
that the simple straight-linepathis a good rst-order ap-
proximationto the connectvity of same-sgmentpairs.

Since the straight-line version of intervening contour
will underestimateonnectvity in concae regions,it may
have atendeng toward over-segmentationFigure6 shows
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Figure6: The potentialoversegmentationcausedoy the inter
veningcontourapproachagreeswith there nementof objectsby
humanobserers. The distribution of precisionandrecall at left
is generatedn an identicalmannerasthe left panelof Figure 3.
However, we addthe constrainthatthe same-sgmentpairsfrom
theleft-outhumanmustnothave aninterveningboundarycontour
TherecallnaturallydecreaseBom addinga constrainto the“sig-
nal”. However from the maginal distributionsshavn atright, we
seethatprecisionincreasesvith theaddedconstraint Becausehe
unionsegmentatioris, onaverageare nementof theleft-outseg-
mentationjnterveningcontourtendsto breaknon-cowex regions
in amannersimilar to thehumansubjects.

the effect on precisionandrecall for the humandatawhen
we addthe constraintthat same-sgmentpairshave no in-

terveningboundarycontour As in Figure3, we arecompar

ing aleft-out humanto the union of theremaininghumans.
On average the union sggmentationwill be moredetailed
thantheleft-outhuman.The gure shavsaincreaseén me-
dianprecisionfrom 66%to 75%,indicatingthatintervening
contourtendsto breakup non-comwvex sggmentsn amanner
similar to the humansubjects.This lendscon denceto an

approacho perceptuabrganizationof rst nding convex

objectpiecesthroughlow-level processesandthengroup-
ing the objectpieceswith into whole objectsusinghigher

level cues.

4.3 Performanceof Patches

Eachof the brightnessgolor, andtexture patchfeatureshas
sev/eral parametershat requiretuning. We optimizedeach
patchfeatureindependentlyia coordinateascento max-
imize performanceon the training data. Figure 7 shows
the result of the coordinateascentexperiments whereno
changein ary single parameterfurther improves perfor
mance.

For brightnessandcolor, aradiusof 5.76pixelswasop-
timal, thoughperformancas similar for largerandsmaller
discs.In contrastthetexture discradiushasgreaterimpact
on performanceand the optimal radiusis much larger at
16.1pixels. The brightnessandcolor patchesalsohave pa-
rameterselatedto thebinnedkerneldensityestimatesThe
binning parametersor brightnessareimportantfor perfor
mance while the color binning parameterarelesscritical.
A larger indicategshatsmalldifferencesn thecueareless
perceptuallysigni cant—or atleastlessusefulfor thistask.

Apart from the disc radius, the texture patch cue has

additional parametergelatedto the texton computation.
The top right table in Figure 7 shavs the optimization
over the numberof textons, with 512 being optimal. In

general,we found that the numberof textons should be
approximatelyhalf the numberof pixels in the disc. In

addition, we nd agreement

with [20, 16] that the lter
bank should contain a sin- Kk&%“

gle scale,and that the scale o=\ ™ -
shouldbeassmallaspossible. \\x\\\
The graph at right shovs Sl

Patch Features

Precision
°

Distance F=
Brightness F=0.
Color F=0.

the performanceof classi ers \\\\:\4%
trained on each patch fea- °=

tureindividualy, alongwitha [ FEREFEER ©
classi erthatusesall three.It I hraa
is clearthateachpatchfeature )
containsindependeninformation, and that texture is the
mostpowerful cue. Theperformancef aclassi erthatuses
distanceasits only cueis shavn for comparison.

4.4. Performanceof Gradients

The gradientcuesare basedon R images,which give the

posteriorprobability of a boundaryat eachimagelocation.
TheR, functioncanincorporateary or all of the brightness,

color, andtexture cues thoughconsiderfor themomentthe
& Functions version that usesall three.
: Which intervening contour
functionshouldwe use?The
~ I,
o, upper gure atleft shavsthe
) \ *‘\ performancef variousfunc-
= \ tions including the mean,
S andtherangeof func-
@(\)\}fi\ tions from sumto max. The
st version is clearly the
o= best approach. Both the
meanand the sum perform
signi cantly worse. There-
sultsarethe sameno matter
which cues the B, function
uses.Notethatthemaxdoes
not include ary encodingof

distance.
The lower gure at left
—™ comparesthe two ways in
= which we can combinethe
’ * contour cues. We can ei-
thercomputetheintervening
contourfeaturefor brightnesqICb), color (ICc), and tex-
ture (ICt) separatelyand then combinewith a classi er
(ICb+ICc+ICt),or we canusethe R, functionthatcombines
thethreechannelsnto a singleboundarymapfor theinter-
vening contourfeature(IChct). We achieve betterperfor
manceby computingseparateontourcues.

Distance F=0.402 @(0.504,0.338) M1=0.
ICh F=0.556 @(0.530,0.585)

ICc F=0529 @(0.553,0.506)

ICt F=0.565 @(0.535,0.598)
ICb+CCHIC F=0.609 @(0.580,0.641)
IChet F=0.595 @(0.553.0.644)
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Brightness Color  Texture Numl|| F Ml
Radiug| F |[MI || F [ MI || F | MI 32 |[0.48] .081
0.010{(0.46|.069({0.49.093|| - | - 64 ||0.50, .093
0.014/0.46|.071{/0.50|.096(| - | - 1281(0.52| 0.10

0.020](0.46{.074{0.50(.097|| - - 256(/0.53 0.11
0.028](0.46(.073||0.50{.097{|0.50|.097 512|0.55 0.12
0.040(/0.46/.071){0.49|.095(|0.53/0.11 1024{|0.52| 0.10
0.056 || 0.45|.067|[0.48|.091(/0.55/0.12 2048(0.52| 0.10
0.080|| - - - - ||0.53|0.11
0.112) - - - - |/0.50(.089

Texton Filter Bank
Scale F | Ml
0.007 0.55[0.12
0.010 0.55(0.11
0.014 |{|0.53/0.11
0.020 0.51{.092

Kernel Density Estimate
Brightness Color
SigmaBins|| F |[MI || F | M
0.025| 100(/0.40[.041|| 0.48|.085

0.05 | 50 ||0.41|.047|| 0.50|.094

0.1 | 25 ||0.44|.059| 0.501.097 0.028 |/0.47].072
0.2 | 12 ||0.46/.070||0.491{.094 0.007-0.014 0.55/0.12
04 | 6 ||0.46.073| 0.49|.087 0-010-0-02g0-53 0.11
0.8 | 3 ||0.45.062| 0.48.083 0.014-0.02§ 0.51|.091

Figure7: The parameter®f the patchesvere optimizedon the

250-imagetraining setsothatno changen ary single parameter
improves performance.The optimal patchsizesand Iter scales
arein units of the image diagonal,which is 288 pixels for our

240x160images.The accessibleangesof the L*a*b* color axes

werescaledto , Which is the scalefor the parameterThe

Gaussiarkernel was sampledat 21 points from . We

mustreducethenumberof binsas increaseso keepthenumber
of samplesper bin constant. In the lower right table, the multi-

scaletexton Iter bankcontainsthreehalf-octave scalescovering

therangeshawvn. SeeSection4.3.

4.5 CueCombination

We now have 7 prospectie cuesfor our modelof the pixel
af nity , thoughwe expectsometo beredundant.The cues
arebrightnesscolor, andtexture patchesjnterveningcon-
tour from the samethree channels,and the distancebe-
tweenthe two pixelsin the imageplane. We rst evalu-
ate the power of the distancecue in Figure 8. Whether
we use a patch-onlymodel, a contouronly model, or a
patch+contoumodel, the resultis alwaysthe same. Dis-
tancedoesnot addary informationnot alreadyprovidedby
similarity cues.

We expectthat the superiority of patchversuscontour
cuesto differ dependingon the featurechannel. Smooth
shadingandforeshorteningffectsmayfavor brightnessand
texture gradientswhile it is well known that color patches
area stablecue. Figure9 shows the patch-only contour
only, andpatch+contoumodelsfor eachof the brightness,
color, and texture channels. As expected,the brightness
patchprovesto be far wealer thanthe brightnesscontour
cue, with only maminal bene t from combiningthe two.
Neitherpatchesor contoursseento dominatethe color or
texture channels.However, both texture cuesappeamuite
powerful with independeninformation.

In orderto determinethe most fruitful combinationof
cues,we executedboth top-dovn and bottom-upfeature
pruningexperiments. Figure 10 shows the result. In both

N

I

104 @1(0.499,0.340) MI=0.035
613 @(0.638.0.591) MI=0.158 -~
613 @(0600,0/627) MI=0.145 -~-x.

504,0.338) MI=0.0399
@(0.649,0.5 5;

657 @(0.681,0.635) MI=0.191 o
0.617 @(0.660,0.579) MI=0.16 -~
614 @(0.608,0.620) MI=0.145 -~
658 @(0.683.0.634) MI=0.192 --=-

[ 075 1
Recall Recall

Figure8: In this gure, we investigatethe utility of the distance
betweenwo pixelsasacuefor grouping.The Gestaltschooliden-

tied proximity asagroupingcue,however, in all casegheclassi-
er performancas the samewhetheror not distanceds used.The

right panelshavs the sameexperimentwith the testandtraining

setsswapped. We performedall our experimentswith swapped
sets.Resultswerealwaysconsistentwith the F-measur@andmu-

tualinformationaccurateo within two decimalplaces.

Figure9: Thethreeplots shav classi ersthatuseeitherbright-
ness(left), color (middle), or texture (right). Eachplot shavs
the performanceof a classi er usingthe patchcue, the gradient
cue,andbothtogether The brightnesgatchappearsnespecially
weakcue,which canbe expectedfrom the frequeng of shading
gradientsin images. Both texture patchesand texture gradients
are powerful cues,andtheir combinationis everywheresuperior
to usingonealone.

cases,the model that maximizesperformanceusing the
fewest cuesis the 4-cue model containingthe brightness
contourcue,the color patchcue,andbothtexture cues.All
threefeaturechannelsarerepresentedyith particularem-
phasison texture. From the bottom-uppruning, it is clear
thatthetexture cuesarethe mostpowerful alongwith color
patches. It is interestingto seethat at all stagesin the
pruningexperimentsthemodelcontainsabalancebetween
patchand contourcues,aswell asa balancebetweenthe
threechannels.

4.6. Choiceof Classi er

We nd agreementwvith [20] that the choiceof classi er
is not important. Performancevas always nearly identi-
cal whetherwe useda non-parametriaensity estimation
method,or parametrianodelsbasedon logistic regression,
includingsimplelogisticregressionlogisticregressiorwith
guadraticfeaturespr hierarchicamixturesof experts.To a
rst orderapproximationalinearcombinatiorof featuress
sufcient. Wefavor thelogisticwith quadratidermssinceit
yieldsaslightimprovementoverthelinearlogistic function
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Figure 10: Featurepruning. In the left panel,we startwith no
featuresand add one featureat a time to the modelin orderto
maximizeperformancen a greedymanner In theright panel,we
startwith all six featuresandgreedilyremove the worstfeature,
one featureat a time. In both casesthe model of choice uses
the brightnesscontour color patch,and both texture cues. The
brightnesgpatchandcolor contourareweakcues,while the color
patchandbothtexture cuesarepowerful.

with little addedcomputationatost.

5. Summary and Conclusions

We have shavn how to combinepatchandcontourinforma-
tion into a modelof pixel af nity for the purposeof image
segmentation. For both patchesand contours,we formu-
late brightnesscolor, andtexture cuesbasedon histogram
differences.Contourcuesare constructedn the interven-
ing contourframawork, whichis justi ed by theecological
statisticsof humansegmentations.The six cuesare care-
fully optimizedwith respecto a large datasebf manually
segmentedhaturalimages,andthencombinedwith a clas-
si er trainedon the groundtruthdata. The modeledpixel
afnity comparedavorably to the humandatausing both
precision/recalandmutualinformationmeasures.
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