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Abstract

This paper studiesthe problemof combiningregion and
boundarycuesfor natural image segmentation.We employ
a large databaseof manuallysegmentedimages in order
to learn an optimal af�nity functionbetweenpairs of pix-
els. Thesepairwise af�nities can then be usedto cluster
the pixels into visually coherent groups. Region cuesare
computedasthesimilarity in brightness,color, andtexture
betweenimage patches. Boundarycuesare incorporated
by lookingfor thepresenceof an “intervening contour”, a
largegradientalonga straight line connectingtwo pixels.

We �r st usethe datasetof humansegmentationsto in-
dividually optimizeparameters of the patch and gradient
features for brightness,color, and texture cues. We then
quantitativelymeasure the powerof different feature com-
binationsby computingthe precisionand recall of classi-
�er s trainedusingthosefeatures. Themutual information
betweentheoutputof theclassi�ers and thesame-segment
indicator functionprovidesan alternativeevaluationtech-
niquethat yieldsidenticalconclusions.

As expected,the best classi�er makes use of bright-
ness,color, and texture features,in both patch and gradi-
ent forms. We �nd that for brightness,the gradient cue
outperformsthe patch similarity. In contrast, usingcolor
patch similarity yieldsbetterresultsthan usingcolor gra-
dients. Texture is themostpowerfulof the threechannels,
with both patchesand gradientscarrying signi�cant inde-
pendentinformation.Interestingly, theproximityof thetwo
pixelsdoesnot add any informationbeyondthat provided
by the similarity cues. We also �nd that the convexity as-
sumptionsmadeby the interveningcontour approach are
supportedby theecological statisticsof thedataset.

1. Intr oduction
Boundariesandregionsareclosely intertwined. A closed
boundarygeneratesaregionwhile everyimageregionhasa
boundary. Psychophysicsexperimentssuggestthathumans
usebothboundaryandregioncuesto performsegmentation
[43]. In order to build a vision systemcapableof parsing
naturalimagesinto coherentunitscorrespondingto surfaces

andobjects,it is clearlydesirableto makeglobaluseof both
boundaryandregion information.

Historically, researchershave focusedseparatelyon the
sub-problemsof boundaryand region grouping. Region
basedapproachesare motivatedby the Gestaltnotion of
groupingby similarity. They typically involve integrating
featuressuchascoloror textureoverlocalpatchesof theim-
age[8,12,32]andthencomparingdifferentpatches[26,31].
However, smoothchangesin textureorbrightnesscausedby
shadingandperspective within regionsposea problemfor
thisapproachsincetwo distantpatchescanbequitedissim-
ilar despitebelongingto thesameimagesegment.To over-
comethesedif�culties, gradientbasedapproachesdetectlo-
cal edgefragmentsmarked by sharp,localizedchangesin
someimagefeature[4, 24,18,30,20]. The fragmentscan
thenbe linked togetherin order to identify extendedcon-
tours[28,42,6].

Lesswork hasdealtdirectly with theproblemof �nding
anappropriateintermediaterepresentationin orderto incor-
poratenon-closedboundaryfragmentsinto segmentation.
Mathematicalformulationsoutlined by [11, 25,23] along
with algorithmssuchas [19,13] have attemptedto unify
boundaryandregion information. More recently, [17,40]
have demonstratedthe practicalutility of integratingboth
in orderto segmentimagesof naturalscenes.

Therearewidely held “folk-beliefs” regardingthevari-
ouscuesusedfor imagesegmentation:brightnessgradients
(causedby shading)andtexture gradients(causedby per-
spective) necessitatea boundary-basedapproach;edgede-
tectorsareconfusedby texture,soonemustusepatch-based
similarity for texturesegmentation;color integratedoverlo-
cal patchesis a robust andpowerful cue. However, these
contradictorystatementshave not beenempirically chal-
lenged.By usinga datasetof humansegmentations[21,5]
asgroundtruth,we areableto provide quantitative results
regardingthe ecologicalstatistics1 of patch-andgradient-
basedcuesandgaugetheir relativeeffectiveness.

We treat the problemof integrating both gradientand
patchinformationfor segmentationwithin theframeworkof

1Ourapproachfollows thelinesof EgonBrunswik's suggestionnearly
50yearsagothattheGestaltfactorsmadesensebecausethey re�ectedthe
statisticsof naturalscenes[3].
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Figure1: Pixel af�nity images. The �rst row shows an image
with onepixel selected.The remainingrows show the similarity
betweenthatpixel andall otherpixels in the image,wherewhite
is mostsimilar. Rows 2-4 show our patch-only, contour-only, and
patch+contouraf�nity models.Rows 5 and6 show thepixel sim-
ilarity asgivenby thegroundtruthdata,wherewhite corresponds
to more agreementbetweenhumans. Row 6 shows simply the
same-segmentindicatorfunction,while row 5 is computedusing
interveningcontouron thehumanboundarymaps.

pairwiseclustering[38,44,37,39,7,29,10,41]. In contrastto
centralclusteringtechniquessuchask-meansor mixtures-
of-Gaussianswhich compareeachpixel (or otherimageel-
ement)to somesmallsetof prototypes,pairwisetechniques
rely on theevaluationof anaf�nity functionbetweeneach
pair of imagepixels. While pairwisetechniquestendto be
morecomputationallyexpensive, they have the advantage
of removing theconstraintthatpixelsbeexplicitly embed-
dedin somenormedvectorspacewhereEuclideanor Ma-
halanobisdistances“make sense”. Instead,pixels are im-
plicitly describedby their similarity to every otherpixel in
theimage.

The pairwiseframework allows patchand gradientin-
formationequalfooting in the following way. Associatea
descriptorto eachpixel that capturescolor, brightnessand
texturein aneighborhoodof thepixel. Thepatchbasedsim-
ilarity betweentwo pixels is a functionof thedifferencein
their descriptors.A gradientis computedasthechangein
theselocaldescriptorsbetweennearbypixels.For eachpair
of pixels,recordthemagnitudeof thegradientencountered
alongastraightpathconnectingthetwo pixelsin theimage
plane. Large gradientsindicatethe presenceof an “inter-
veningcontour”[15] andsuggeststhepixelsdo not belong
to thesamesegment.Thepairwiseaf�nity betweenthe � -th

and � -th pixel is givenby a function whoseargumentsare
thesimilarity betweenthe � -th and� -th localdescriptorsand
thegradientsalongthepathfrom � and� .

Most applicationsof pairwise clusteringto segmenta-
tion have madeuseof heuristicallyderived af�nity func-
tions (e.g. [17]). It is a naturalproposal[22] to learnop-
timal pairwiseaf�nities from training data. In the results
presentedhere,nearlyall freeparameters(i.e. �lter scales,
histogrambinningandquantization,descriptorwindowing,
combinationof gradientfeatures,etc.) have beencarefully
optimizedwith respectto trainingdata. Our goal is to ex-
plicitly model the posteriorprobability of two pixels be-
longing to the sameimagesegmentconditionedon photo-
metric propertiesof the image. Figure1 shows examples
of both groundtruthaf�nity functionsand af�nity models
learnedfrom data.

We provide two generalschemesfor evaluatingthe ef-
fectivenessof differentcombinationsof features.The �rst
is to train a classi�er which declarestwo pixels as lying
in the sameor different segmentsgiven someset of fea-
tures.Classi�er performanceis thenevaluatedby consider-
ing the trade-off betweenprecisionandrecall. Thesecond
approachis to computethemutualinformationbetweenthe
classi�er outputand the same-segmentindicatorprovided
by the humansegmentations. Thesetwo schemesare in
strongagreementwhich lendsforceto our �ndings:

� Segmentationsof thesameimageby differenthumans
arequite consistentwith eachother. “Fine” segmen-
tationstendto be“coarse”segmentationswith regions
that have beenre�ned by breakingtheminto roughly
convex parts.

� The ecologicalstatisticsof the datasetshow that re-
gions are mostly convex, validating the assumptions
madeby theinterveningcontourapproach.

� Intervening contour and patch comparisonsboth
provide signi�cant, independentinformation about
whethertwo pixelsbelongin thesamesegment.

� Thecolorcueis bestcapturedusingpatches,while for
brightnessoneshouldusegradients.For texture,both
gradientsandpatchesarevaluable.

� The proximity between two pixels does not pro-
vide any informationnot given by the patch-basedor
gradient-basedsimilarity. It is simplyaresultof group-
ing, nota cue.

2. Methodology
We formulate the problem of learning the pixel af�nity
functionasaclassi�cationproblemof discriminatingsame-
segmentpixel pairs from different-segmentpairs. Let �����

bethetruesame-segmentindicatorsothat �
���
	�� whenpix-

els � and � arein thesamesegment,and �
���
	��

whenpixels
� and � arein differentsegments.
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Figure 2: Performanceof humanscomparedto our bestpixel
af�nity models.Thedotsshow theprecisionandrecallof eachof
1366humansegmentationsin the 250-imagetestsetwhencom-
paredto theotherhumans'segmentationof thesameimage.The
large dot marksthe medianrecall (99%) andprecision(63%) of
thehumans.Theiso-F-measurecurve at F=77%is extendedfrom
this point to representthe frontier of humanperformancefor this
task.Thethreeremainingcurvesrepresentour patch-onlymodel,
contour-only model, andpatch+contourmodel. Neitherpatches
nor contoursaresuf�cient, asthereis signi�cant independentin-
formationin thepatchandcontourcues.Themodelusedthrough-
out thepaperis a logistic functionwith quadratictermswhichper-
formsthebestamongclassi�erstried on this dataset.

The Berkeley SegmentationDataset[21, 5] provides
the groundtruthsegmentationdata. This datasetcontains
12,000manualsegmentationsof 1,000 imagesby 30 hu-
mansubjects.Half of theimageswerepresentedto subjects
in grayscale,andhalf in color. We usethe color segmen-
tationsfor 500 images,divided into test and training sets
of 250imageseach.Eachimagehasbeensegmentedby at
least5 subjects,so the groundtruth�

��� is de�ned by a set
of humansegmentations.Wedeclaretwo pixelsto lie in the
samesegmentonly if all subjectsdeclarethemto lie in the
samesegment.

Givena classi�er output �� ��� , we canevaluatetheclassi-
�er' s performancein two ways. Our �rst evaluationtech-
nique usesthe precision-recall (PR) framework, which is
a standardmethodin the informationretrieval community
[33]. This framework wasusedby Abdou andPratt[1] to
evaluateedgedetectors,and is similar to the ROC curve
framework usedby Bowyer et al. [2] for the samepur-
pose.Theapproachproducesa curveparameterizedby de-
tector thresholdwhich shows the trade-off betweennoise
andaccuracy asthethresholdvaries.For exampleseeFig-
ure 2. Precisionmeasuresthe probability that two pixels
declaredby theclassi�er to be in the samesegmentarein
the samesegment,i.e.

���

�
���
	 ���

�
� ���

	 ���
. Recallmeasures

the probability that a samesegmentpair is detected,i.e.
���

��
��� 	 ���

�
��� 	 ��� . The PR approachis particularly ap-

propriatewhenthe two classesareunbalanced.By focus-
ing on thescarcerclass—same-segmentpairsin ourcase—

performanceis notin�ated by theeaseof detectingthedom-
inantclass.

Precision and recall can be combined with the F-
Measure, which is simplyaweightedharmonicmean:	 	
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�
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�

�

�

�
. The weight

�

representsthe relative
importanceof precisionandrecall for a particularapplica-
tion. We use

�

	 ��� � in our experiments.TheF-measure
canbe evaluatedalong the precision-recallcurve, and the
maximumvalueusedto characterizethecurvewith asingle
number. Whentwo precision-recallcurvesdonot intersect,
theF-measureis a usefulsummarystatistic.

The secondapproachto evaluating a classi�er mea-
suresthe mutual information � betweenthe classi�er out-
put �� and the groundtruthdata � . Given the joint dis-
tribution 
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. We computethe joint distribution
by binningthesoft classi�er output.

3. Features
We will modeltheaf�nity betweentwo pixelsasa function
of both patch-basedand gradient-basedfeatures. In each
case,we canusebrightness,color, or texture,producinga
total of six features.We alsoconsiderthedistancebetween
thepixelsasaseventhfeature.

3.1. Patch-BasedFeatures
Givena pair of pixels,we wish to measurethebrightness,
color, and texture similarity betweencircular neighbor-
hoodsof someradiuscenteredat eachpixel. Distributions
of color in perceptualcolor spaceshave beensuccessfully
usedasregiondescriptorsin imageretrievalsystemssuchas
QBIC [26], aswell asmany colorsegmentationalgorithms.
Weemploy the1976CIE L*a*b* colorspaceseparatedinto
luminanceand chrominancechannels. We model bright-
nessandcolordistributionswith histogramsconstructedby
binningkerneldensityestimates.Histogramsarecompared
with the 465 histogramdifferenceoperator[32].

For thebrightnesscue,weusetheL* histogramfor each
pixel. In the caseof color, it is not necessaryto compute
the joint a*b* histogram. Instead,it suf�ces to compute
separatea* and b* histograms,and simply sum their 475

contributions. This is motivatedby the fact thata* andb*
correspondto thegreen-redandyellow-bluecoloropponent
channelsin the visual cortex, aswell astheperceptualor-
thogonalityof thetwo channels(seePalmer[27]).

The 465 histogramdifferencedoesnot make useof the
perceptualdistancebetweenthe bin centers. Therefore,
without smoothing,perceptuallysimilar colors can have
large 485 differences.Becausethe distancebetweenpoints
in CIELAB spaceis perceptuallymeaningful in a local
neighborhood,binningakerneldensityestimatewhoseker-
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nel bandwidth � matchesthe scaleof this neighborhood
meansthatperceptuallysimilarcolorswill havesimilarhis-
togramcontributions. Beyond this scale,wherecolorsare
incommensurate,465 will regardthemasequallydifferent.
The combinationof a kerneldensityestimatein CIELAB
with the 465 histogramdifferenceis a good match to the
structureof humancolor perception.

For thepatch-basedtexturefeature,wecomparethedis-
tributions of �lter responsesin the two discs. There is
an emerging consensusthat for texture analysis,an image
should�rst beconvolvedwith abankof �lters tunedto var-
ious orientationsandspatialfrequencies[8,18]. Our �lter
bankcontainselongatedquadraturepair �lters—Gaussian
secondderivativesandtheir Hilbert transforms—atsix ori-
entations,alongwith onecenter-surround�lter . Theempir-
ical distribution of �lter responseshasbeenshown to be a
powerful featurefor bothtexturesynthesis[12] andtexture
discrimination[31].

Therearemany optionsfor comparingthedistributions
(seePuzichaetal. [31]), but weusetheapproachdeveloped
in [17] which is basedon the ideaof textons. The texton
approachestimatesthe joint distribution of �lter responses
usingadaptivebins,whicharecomputedwith

�

-means.The
texturedescriptorfor a pixel is thereforea

�

-bin histogram
over the pixels in a disc of radius � centeredon the pixel.
As in [17], wecomparedescriptorswith the 4 5 difference.

All of thepatch-basedfeatureshave parametersthat re-
quire tuning, suchas the radiusof the discs, the binning
parametersfor brightnessandcolor, andthetextonparame-
tersfor texture.Section4.3coverstheexperimentsthattune
theseparameterswith respectto thetrainingdata.

3.2. Gradient-BasedFeatures
Given a pair of pixels, considerthe straight-linepathcon-
nectingthemin theimageplane.If thepixelslie in different
segments,thenweexpectto �nd, somewherealongtheline,
a photometricdiscontinuityor interveningcontour[15]. If
no suchdiscontinuityis encountered,thenthe af�nity be-
tweenthepixelsshouldbelarge.

In orderto computethe interveningcontourcue,we re-
quire a boundarydetectorthat works robustly on natural
images. For this we employ the gradient-basedboundary
detectorof [20]. The outputof the detectoris a Pb image
thatprovidestheposteriorprobabilityof aboundaryateach
pixel. We considerthe three Pb imagescomputedusing
brightness,color, andtexturegradientsindividually, aswell
as the Pb imagethat combinesthe threecuesinto a single
boundarymap. The combinedmodelusesa logistic func-
tion trainedon thedataset,which is well motivatedby ev-
idencein psychophysicsthathumansmake useof multiple
cuesin localizingcontours[34] perhapsusinga linearcom-
bination[14]. Otherclassi�ersbesidesthelogistic function
performedequallywell.

The gradientsarecomputedin a nearly identicalman-
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Figure 3: Agreementbetweenhumansegmentations.The left
panelshows the distribution of precisionandrecall for the 5555
humansegmentationsof all 1020imagesin thedataset.Thepre-
cision andrecall aremeasuredwith respectto theclassof same-
segmentpixel pairs,andeachhumanis comparedto theunionof
all other humans. High recall and lower precisionsupportsthe
hypothesisthatthedifferentsubjectsperceive thesamesegmenta-
tion hierarchy, but segmentat differentlevelsof detail. Theright
panelshows thedistribution of precisionandrecallwhentheleft-
outhumanandunion-of-humanscomefrom differentimages.This
comparisonprovidesalower-boundfor thesimilaritybetweenseg-
mentationswithout changingthestatisticsof thedata.

nerto our patchfeatures.Insteadof comparinghistograms
betweentwo wholediscs,thegradientis basedon thehis-
togramdifferencebetweenthe two halvesof a singledisc,
similar to [36,35]. Theorientationof thedividing diagonal
setstheorientationof thegradient,andtheradiusof thedisc
setsthe scale. All of the parametersof the gradientshave
beentunedby [20] on thesamedatasetto optimally detect
theboundariesmarkedby thehumansubjects.

We computethe intervening contourcue for two pix-
els � and � from the Pb valuesthat occuralongthe straight
line path �

���

�
connectingthe two pixels. We consider

the family of measures�
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, aswell asthe meanof Pb
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�'�
. The

next sectionwill coverthechoiceof theinterveningcontour
function,aswell asthebestway to combinethecontourin-
formationfrom thebrightness,color, andtexturechannels.

4. Findings
4.1. Validating the Groundtruth Dataset
Beforeapplyingthehumansegmentationdatato theprob-
lem of learningandevaluatingaf�nity functions,we must
determinethat the datasetis self-consistent.To this end,
we validatethedatasetby comparingeachsegmentationto
the remainingsegmentationsof the sameimage. Treating
the left-out segmentationas the signal and the remaining
segmentationsasground-truth,weapplyour two evaluation
methods.

The left panelof Figure3 shows thedistribution 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 medianvalueof 99%.
This indicatesthat 99% of the same-segmentpairs in the
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Figure4: Theleft panelshows thesametwo distributionsasFig-
ure 3, with precisionand recall combinedusing the F-measure.
The right panelshows the distribution of mutual informationfor
the same-imageand different-imagecases. The low overlap in
eachpanel(2.7%and2.2%)atteststo theself-consistency of the
data.As expected,signi�cant informationis sharedbetweenseg-
mentationsof thesameimage.ThemedianF-measureof 0.76and
mutualinformationof 0.25representsthe targetperformancefor
ouraf�nity models.

ground-trutharecontainedin a left-out humansegmenta-
tion. Themedianprecisionis 66%, indicatingthat66%of
the same-segmentpairs in a left-out humansegmentation
are containedin the ground-truth. Thesevaluessupport
the interpretationthat the different subjectsprovide con-
sistentsegmentationsvaryingsimply in their degreeof de-
tail. For comparison,theright panelof the�gure showsthe
distribution whenthe left-out humansegmentationandthe
groundtruthsegmentationsareof differentimages.

The left panelof Figure4 shows the distribution of the
F-measurefor the same-imageand different-imagecases.
Similarly, the right panelshows the distributions for mu-
tual information.Theclearseparationbetweensame-image
anddifferent-imagecomparisonsatteststo theconsistency
of segmentationsof thesameimage.ThemedianF-measure
of 0.76andmutualinformationof 0.25representthemax-
imum achievable performancefor pairwise af�nity func-
tions.

4.2. Validating Inter vening Contour
Althoughtheecologicalstatisticsof naturalimagesindicate
thatregionstendto beconvex [9], thepresenceof aninter-
veningcontourdoesnotnecessarilyindicatethattwo pixels
belongin differentsegments.Concavities introduceinter-
veningcontoursbetweensame-segmentpixel pairs. In this
section,we analyzethefrequency with which thishappens.
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Figure5: Eachpanelshowstwo pixels,markedwith squares,that
all humansdeclaredto be in the samesegment. The intensityat
eachpoint representstheempiricalprobabilitythataone-hoppath
throughthatpoint doesnot intersecta boundarycontour. Theleft
columnis conditionedontherebeinganunobstructedstraight-line
(SL) path betweenthe pixels, while the right columnshows the
probabilitieswhentheSL pathis obstructed.The top row shows
datagatheredfrom pixel pairswith small separation;the bottom
row for pairs with large separation.SeeSection4.2 for further
discussion.

tour is agoodapproximationto thesame-segmentindicator
for small distances:49% of same-segmentpairsarein the

� 75%correctrange.
Whenstraight-lineinterveningcontourfails for a same-

segmentpair, thereexistmorecomplex pathsconnectingthe
pixels.Considerthesetof pathsthatconsistof two straight-
line segments,which we call one-hoppaths.Thesituations
whereone-hoppathssucceedbut straight-linepathsfail can
giveusintuition abouthow muchcanbegainedby examin-
ing pathsmorecomplex thanstraightline paths.

Figure5 shows theempiricalspatialdistribution of one-
hop paths betweensame-segment 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)
on therebeingno straight-linepath. If thehumansubjects'
regionswerecompletelyconvex, thentheright columnim-
ageswould be zero. Instead,we seethat when straight-
line interveningcontourfails,thereis asmallbut signi�cant
probabilitythatamorecomplex one-hoppathwill succeed,
andtheprobabilityof suchapathis largerfor smallerscales.
Thereis clearlysomebene�t from themorecomplex paths
dueto concavities in the regions. However, the degreeto
which analgorithmcouldtake advantageof themorepow-
erful one-hopversionof interveningcontourdependsonthe
frequency with whichtheone-hoppaths�nd holesin thees-
timatedboundarymap. In any case,the �gure makesclear
that the simple straight-linepath is a good �rst-order ap-
proximationto theconnectivity of same-segmentpairs.

Since the straight-lineversion of intervening contour
will underestimateconnectivity in concave regions,it may
havea tendency towardover-segmentation.Figure6 shows
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Figure6: Thepotentialover-segmentationcausedby the inter-
veningcontourapproachagreeswith there�nementof objectsby
humanobservers. The distribution of precisionandrecall at left
is generatedin an identicalmannerasthe left panelof Figure3.
However, we addtheconstraintthatthesame-segmentpairsfrom
theleft-outhumanmustnothaveaninterveningboundarycontour.
Therecallnaturallydecreasesfrom addingaconstraintto the“sig-
nal”. However from themarginal distributionsshown at right, we
seethatprecisionincreaseswith theaddedconstraint.Becausethe
unionsegmentationis, onaverage,are�nementof theleft-outseg-
mentation,interveningcontourtendsto breaknon-convex regions
in a mannersimilar to thehumansubjects.

theeffect on precisionandrecall for thehumandatawhen
we addthe constraintthat same-segmentpairshave no in-
terveningboundarycontour. As in Figure3,wearecompar-
ing a left-out humanto theunionof theremaininghumans.
On average,the union segmentationwill be moredetailed
thantheleft-outhuman.The�gure showsa increasein me-
dianprecisionfrom 66%to 75%,indicatingthatintervening
contourtendsto breakupnon-convex segmentsin amanner
similar to thehumansubjects.This lendscon�denceto an
approachto perceptualorganizationof �rst �nding convex
objectpiecesthroughlow-level processes,andthengroup-
ing theobjectpieceswith into wholeobjectsusinghigher-
level cues.

4.3. Performanceof Patches
Eachof thebrightness,color, andtexturepatchfeatureshas
severalparametersthat requiretuning. We optimizedeach
patchfeatureindependentlyvia coordinateascentto max-
imize performanceon the training data. Figure 7 shows
the result of the coordinateascentexperiments,whereno
changein any single parameterfurther improves perfor-
mance.

For brightnessandcolor, a radiusof 5.76pixelswasop-
timal, thoughperformanceis similar for largerandsmaller
discs.In contrast,thetexturediscradiushasgreaterimpact
on performance,and the optimal radiusis much larger at
16.1pixels. Thebrightnessandcolor patchesalsohavepa-
rametersrelatedto thebinnedkerneldensityestimates.The
binningparametersfor brightnessareimportantfor perfor-
mance,while thecolor binningparametersarelesscritical.
A larger � indicatesthatsmalldifferencesin thecueareless
perceptuallysigni�cant—orat leastlessusefulfor this task.

Apart from the disc radius, the texture patch cue has

additional parametersrelated to the texton computation.
The top right table in Figure 7 shows 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
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Distance F=0.404 @(0.504,0.338) MI=0.0399
Brightness F=0.462 @(0.598,0.377) MI=0.0728

Color F=0.499 @(0.606,0.423) MI=0.0978
Texture F=0.549 @(0.593,0.512) MI=0.119
B+C+T F=0.602 @(0.649,0.562) MI=0.157

addition, we �nd agreement
with [20, 16] that the �lter
bank should contain a sin-
gle scale, and that the scale
shouldbeassmallaspossible.

The graph at right shows
the performanceof classi�ers
trained on each patch fea-
tureindividually, alongwith a
classi�er thatusesall three.It
is clearthateachpatchfeature
containsindependentinformation, and that texture is the
mostpowerfulcue.Theperformanceof aclassi�er thatuses
distanceasits only cueis shown for comparison.

4.4. Performanceof Gradients

The gradientcuesarebasedon Pb images,which give the
posteriorprobabilityof a boundaryat eachimagelocation.
ThePb functioncanincorporateany or all of thebrightness,
color, andtexturecues,thoughconsiderfor themomentthe
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ICb+ICc+ICt F=0.609 @(0.580,0.641) MI=0.142
ICbct F=0.595 @(0.553,0.644) MI=0.132

version that usesall three.
Which intervening contour
functionshouldweuse?The
upper�gure at left showsthe
performanceof variousfunc-
tions including the mean,
andtherangeof ��������� func-
tions from sumto max. The

�
	 version is clearly the
best approach. Both the
meanand the sum perform
signi�cantly worse. The re-
sultsarethe sameno matter
which cues the Pb function
uses.Notethatthemaxdoes
not includeany encodingof
distance.

The lower �gure at left
comparesthe two ways in
which we can combinethe
contour cues. We can ei-
thercomputetheintervening

contourfeaturefor brightness(ICb), color (ICc), and tex-
ture (ICt) separatelyand then combine with a classi�er
(ICb+ICc+ICt),or wecanusethePb functionthatcombines
thethreechannelsinto a singleboundarymapfor theinter-
veningcontourfeature(ICbct). We achieve betterperfor-
manceby computingseparatecontourcues.
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Patch Radius
Brightness Color Texture

Radius F MI F MI F MI
0.010 0.46 .069 0.49 .093 - -
0.014 0.46 .071 0.50 .096 - -
0.020 0.46 .074 0.50 .097 - -
0.028 0.46 .073 0.50 .097 0.50 .097
0.040 0.46 .071 0.49 .095 0.53 0.11
0.056 0.45 .067 0.48 .091 0.55 0.12
0.080 - - - - 0.53 0.11
0.112 - - - - 0.50 .089

Kernel DensityEstimate
Brightness Color

Sigma Bins F MI F MI
0.025 100 0.40 .041 0.48 .085
0.05 50 0.41 .047 0.50 .094
0.1 25 0.44 .059 0.50 .097
0.2 12 0.46 .070 0.491 .094
0.4 6 0.46 .073 0.49 .087
0.8 3 0.45 .062 0.48 .083

Number of Textons
Num F MI
32 0.48 .081
64 0.50 .093
128 0.52 0.10
256 0.53 0.11
512 0.55 0.12
1024 0.52 0.10
2048 0.52 0.10

Texton Filter Bank
Scale F MI
0.007 0.55 0.12
0.010 0.55 0.11
0.014 0.53 0.11
0.020 0.51 .092
0.028 0.47 .072

0.007-0.014 0.55 0.12
0.010-0.020 0.53 0.11
0.014-0.028 0.51 .091

Figure7: The parametersof the patcheswereoptimizedon the
250-imagetrainingsetso thatno changein any singleparameter
improvesperformance.The optimal patchsizesand�lter scales
are in units of the imagediagonal,which is 288 pixels for our
240x160images.Theaccessiblerangesof theL*a*b* color axes
werescaledto � ������� , which is thescalefor the � parameter. The
Gaussiankernel was sampledat 21 points from �
	��
�����
��� . We
mustreducethenumberof binsas � increasesto keepthenumber
of samplesper bin constant. In the lower right table, the multi-
scaletexton �lter bankcontainsthreehalf-octave scalescovering
therangeshown. SeeSection4.3.

4.5. CueCombination
We now have 7 prospectivecuesfor our modelof thepixel
af�nity , thoughwe expectsometo beredundant.Thecues
arebrightness,color, andtexturepatches,interveningcon-
tour from the samethree channels,and the distancebe-
tweenthe two pixels in the imageplane. We �rst evalu-
ate the power of the distancecue in Figure 8. Whether
we use a patch-onlymodel, a contour-only model, or a
patch+contourmodel, the result is always the same. Dis-
tancedoesnotaddany informationnotalreadyprovidedby
similarity cues.

We expect that the superiorityof patchversuscontour
cuesto differ dependingon the featurechannel. Smooth
shadingandforeshorteningeffectsmayfavorbrightnessand
texturegradients,while it is well known thatcolor patches
area stablecue. Figure9 shows the patch-only, contour-
only, andpatch+contourmodelsfor eachof thebrightness,
color, and texture channels. As expected,the brightness
patchprovesto be far weaker than the brightnesscontour
cue, with only marginal bene�t from combiningthe two.
Neitherpatchesnor contoursseemto dominatethecoloror
texturechannels.However, both texturecuesappearquite
powerful with independentinformation.

In order to determinethe most fruitful combinationof
cues,we executedboth top-down and bottom-upfeature
pruningexperiments.Figure10 shows the result. In both
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Patch F=0.613 @(0.638,0.591) MI=0.158

IC F=0.613 @(0.600,0.627) MI=0.145
Patch+IC F=0.657 @(0.681,0.635) MI=0.191
Patch+Dist F=0.617 @(0.660,0.579) MI=0.16

IC+Dist F=0.614 @(0.608,0.620) MI=0.145
Patch+IC+Dist F=0.658 @(0.683,0.634) MI=0.192

Figure8: In this �gure, we investigatetheutility of thedistance
betweentwo pixelsasacuefor grouping.TheGestaltschooliden-
ti�ed proximity asagroupingcue,however, in all casestheclassi-
�er performanceis thesamewhetheror not distanceis used.The
right panelshows the sameexperimentwith the testandtraining
setsswapped. We performedall our experimentswith swapped
sets.Resultswerealwaysconsistent,with theF-measureandmu-
tual informationaccurateto within two decimalplaces.

0

0.25

0.5

0.75

1

0 0.25 0.5 0.75 1

P
re

ci
si

on

Recall

Brightness

Patch F=0.462 @(0.598,0.377) MI=0.0728
IC F=0.556 @(0.530,0.585) MI=0.116

Patch+IC F=0.574 @(0.563,0.584) MI=0.136
0

0.25

0.5

0.75

1

0 0.25 0.5 0.75 1

P
re

ci
si

on

Recall

Color

Patch F=0.499 @(0.606,0.423) MI=0.0978
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Figure9: The threeplotsshow classi�ersthatuseeitherbright-
ness(left), color (middle), or texture (right). Eachplot shows
the performanceof a classi�er using the patchcue, the gradient
cue,andbothtogether. Thebrightnesspatchappearsanespecially
weakcue,which canbe expectedfrom the frequency of shading
gradientsin images. Both texture patchesand texture gradients
arepowerful cues,andtheir combinationis everywheresuperior
to usingonealone.

cases,the model that maximizesperformanceusing the
fewest cuesis the 4-cuemodel containingthe brightness
contourcue,thecolor patchcue,andbothtexturecues.All
threefeaturechannelsarerepresented,with particularem-
phasison texture. From the bottom-uppruning,it is clear
thatthetexturecuesarethemostpowerful alongwith color
patches. It is interestingto seethat at all stagesin the
pruningexperiments,themodelcontainsabalancebetween
patchandcontourcues,aswell asa balancebetweenthe
threechannels.

4.6. Choiceof Classi�er
We �nd agreementwith [20] that the choiceof classi�er
is not important. Performancewas always nearly identi-
cal whetherwe useda non-parametricdensityestimation
method,or parametricmodelsbasedon logistic regression,
includingsimplelogisticregression,logisticregressionwith
quadraticfeatures,or hierarchicalmixturesof experts.To a
�rst orderapproximation,alinearcombinationof featuresis
suf�cient. Wefavor thelogisticwith quadratictermssinceit
yieldsaslight improvementoverthelinearlogistic function
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Figure10: Featurepruning. In the left panel,we startwith no
featuresand add one featureat a time to the model in order to
maximizeperformancein a greedymanner. In theright panel,we
startwith all six features,andgreedilyremove the worst feature,
one featureat a time. In both cases,the model of choiceuses
the brightnesscontour, color patch,andboth texture cues. The
brightnesspatchandcolor contourareweakcues,while thecolor
patchandbothtexturecuesarepowerful.

with little addedcomputationalcost.

5. Summary and Conclusions
Wehaveshown how to combinepatchandcontourinforma-
tion into a modelof pixel af�nity for thepurposeof image
segmentation. For both patchesandcontours,we formu-
latebrightness,color, andtexturecuesbasedon histogram
differences.Contourcuesareconstructedin the interven-
ing contourframework, which is justi�ed by theecological
statisticsof humansegmentations.The six cuesarecare-
fully optimizedwith respectto a largedatasetof manually
segmentednaturalimages,andthencombinedwith a clas-
si�er trainedon the groundtruthdata. The modeledpixel
af�nity comparesfavorably to the humandatausingboth
precision/recallandmutualinformationmeasures.
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