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Abstract

We presenta modelof curvilineargroupingusingpiece-
wise linear representationsof contours and a conditional
random�eld to capture continuityandthefrequencyof dif-
ferent junction types. Potential completionsare generated
by building a constrained Delaunaytriangulation (CDT)
over thesetof contours foundbya local edgedetector.

Maximum likelihood parameters for the model are
learnedfrom humanlabeledgroundtruth. Using held out
testdata,wemeasurehowthemodel,by incorporatingcon-
tinuity structure, improvesboundarydetectionover the lo-
cal edge detector. We also compare performancewith a
baselinelocal classi�er thatoperatesonpairs of edgels.

Both algorithms consistentlydominate the low-level
boundarydetectorat all thresholds.To our knowledge, this
is the �r st time that curvilinear continuityhasbeenshown
quantitativelyusefulfor a large variety of natural images.
Betterboundarydetectionhasimmediateapplicationin the
problemof objectdetectionandrecognition.

1. Intr oduction

Findingtheboundariesof objectsandsurfacesin ascene
is a problemof fundamentalimportancefor computervi-
sion. Thereis a large body of work on objectrecognition
whichreliesonbottom-upboundarydetectionto providein-
formationaboutobjectshape(e.g.[3, 10, 1]). Evenin cases
wheresimpleintensityfeaturesaresuf�cient for objectde-
tection,e.g.faces,it is still desirableto incorporatebottom-
up boundarydetectionin order to provide preciseobject
segmentation(e.g. [24]). The availability of high quality
boundarylocationestimateswill ultimatelygovernwhether
thesealgorithmsaresuccessfulin real-world sceneswhere
clutterandtextureabound.

Boundariesaretypically detectedusingsomelocaloper-
ator. For example,therecentwork by [14] trainsaclassi�er
thatpredictstheprobability of boundary, Pb, at eachpixel
locationusing local brightness,texture andcolor gradient
cuesasfeatures.Trainingdatacomesfrom a setof images
where boundarieshave beenmarked by humansubjects.
Unfortunately, this algorithmstill missesmany truebound-

ariesandfalselydetectsothers.Theauthorsarguethatde-
tectionfailuresareprimarily dueto lackof context sincehu-
manobserverspresentedwith only local imagepatchesper-
form no betterthantheclassi�er [15]. How canwe model
thismissingcontext?

Onewell known sourceof contextual informationis that
provided by curvilinear continuity, sometimesreferredto
as “good continuation”or “illusory contourcompletion”.
Inspired by Wertheimerand Kanizsa, the study of this
phenomenonhas a long and in�uential tradition in psy-
chophysicsaswell asneurophysiology[18]. Morerecently,
ecological statisticsof contourshave con�rmed the exis-
tenceof curvilinearcontinuity in naturalimages[7] andits
scale-invariantproperties[20]. In computervisionthereex-
istsa rich literatureon how to modelcurvilinearcontinuity
(e.g. [21, 19, 17, 26]). More recentdevelopmentsfocuson
�nding closedsalientcontours[6, 27, 13].

The most basicscienti�c questionis whetherthis type
of additionalcontextual processingimprovesthe accuracy
of boundarydetection. In particular, any algorithmwhich
boostslow-contrastor illusory boundariesmay also �nd
spuriouscompletionsin heavily textureregionsof a scene.
Is theneteffectpositiveor negative?Thisquestioncanonly
be answeredby quantitative measurements.To the bestof
our knowledge, no such measurementshavebeenmadeon
a large, diversesetof real-worldimages.

The contribution of this paperis a stochasticmodelof
continuity andclosurewhich providesboundaryestimates
that arequanti�ably betterat all thresholdsthanthe input
provided by a local detector. Our approachstartswith lo-
cally computedPb which is discretizedinto a setof piece-
wise linear segments. Potential completionsare gener-
atedutilizing theconstrainedDelaunaytriangulationasde-
scribedin Section2. We show that this scale-invariantge-
ometric structurecapturesa vast majority of the true im-
ageboundaries,while reducingthe complexity from hun-
dredsof thousandsof pixels to a thousandcandidateline
segments.

In Section3 we developtwo modelsof curvilinearcon-
tinuity on this graphical/geometricstructure:a simplelocal
modelwhichclassi�eseachpairof edgesindependentlyand
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Figure1: Findingpotentialcompletions:(a) anobjectmay
appearat any scalein thevisual �eld (b) a piecewiselinear
curve approximatestheboundariesregardlessof scale.(c)
ConstrainedDelaunayTriangulationconnectsthegapsand
completesascale-invariantrepresentation.

a globalmodelwhich usesa conditionalrandom�eld [12]
in order to enforceboth continuity and long-rangeproba-
bilistic constraintson junctions.

Quantitative evaluation is made possibleby utilizing
three existing image collections that have been labeled
with ground-truthboundaries:a setof 30 news photosof
baseballplayers[16], 344 imagesof horses[2] and the
BSDS300[4], a boundarydetectionbenchmarkbasedon
imagesof naturalscenes.The performanceevaluationof
thelocalandglobalmodelson these3 datasetsis presented
in Section4 alongwith exemplaryresults.

2. Scale-Invariant Completion

Thestartingpointof ourapproachis theobservationthat
piecewise linear approximationsof contourscan be con-
structedin a scale-invariant way. Using the constrained
Delaunaytriangulationto completethepiecewiselinearap-
proximationspreservesthisscale-invariance.Figure1 gives
anillustration.TheDelaunaytriangulation(DT) is thedual
of theVoronoidiagramandis theuniquetriangulationof a
setof verticesin theplanesuchthatno vertex is insidethe
circumcircleof any triangle.TheconstrainedDelaunaytri-
angulation(CDT) is avariantof of theDT in whichasetof
user-speci�ededgesmustlie in thetriangulation.TheCDT
retainsmany nice propertiesof DT and is widely usedin
geometricmodelingand�nite elementanalysis.It wasalso
recentlyappliedto imagesegmentationby [28].

This piecewise linear representationhas many advan-
tagesoverusingthepixel grid: (1) by moving from 100,000
pixelsto 1000edges,it achieveshighstatisticalandcompu-
tationalef�ciency. (2) thisdiscreterepresentationof theim-
ageis scale-invariant,independentof the imageresolution.
(3) By restrictingcompletionsto theedgesin thegraph,it
partially solves the problemof having too many spurious
completions.Moreover, wewill show empiricallythatvery
little of thetrueboundarystructureis lost in thisdiscretiza-
tion process.

Of particularinterestto us is scaleinvariance.Empiri-
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Figure2: Building adiscretegraph.(a) werecursively split
a line until theangle� is below a threshold.(b) anillustra-
tion of the process:the input edgemap, the linearization,
andtheConstrainedDelaunayTriangulation.

cal studiesof theecological statisticsof contours[7, 20, 5]
have revealedone fundamentalproblemin many existing
models: the lack of scale invariance. For example, the
stochasticmotionmodelof [26] predictsthat if onebreaks
contoursinto segmentsat high-curvaturelocations,thedis-
tributionof segmentlengthshouldbeexponential.Work by
[20] suggeststhattheempiricaldistribution is notexponen-
tial; insteadit closelyfollows a power law, a characteristic
of scale-invariant phenomena.A relatedpower law is also
reportedin [5]. These�ndings areconsistentwith the in-
tuition thatwe seeobjectsat arbitraryscales.Scaleinvari-
anceis alsocrucial from a practicalpoint of view, as it is
requiredin many fundamentalvision taskssuchasobject
recognition.

2.1 Building a piecewiselinear representation

Our discretizationstepstartswith using Canny's hys-
teresisthresholdingto tracethe Pb contoursand then re-
cursively split them until eachsegment is approximately
straight.Figure2(a)shows an illustrationof this lineariza-
tion: for a given contour, let � be the anglebetweenseg-
mentscaandcb. Pickthesetof pointsf a;b;cg, in acoarse-
to-�ne search,suchthat the angle� is maximized. If � is
below a threshold,split the contourby addinga vertex at
c andcontinue.A heuristicis addedto handleT-junctions:
whenavertex is verycloseto anotherline, wesplit this line
andinsertanadditionalvertex.

We usetheTRIANGLE program[23] to produceCDTs
asshown in Figure3. The linearizededgesextractedfrom
the Pb contoursbecomeconstrainededgesin the triangu-
lation which we refer to as gradient edgesor G-edges.
The remainingcompletion edgesor C-edgesare �lled in
by the CDT. Of particular interestto us is CDT's ability
to completecontoursacrossgapsin the local detectorout-
put. A typical scenarioof contourcompletionis onelow-
contrastcontoursegment(missedby Pb) in betweentwo
high-contrastsegments(both detectedby Pb). If the low-
contrastsegmentis shortin length,it is likely no otherver-
tices lie in the circumcircleandCDT will correctly com-
pletethegapby connectingthetwo high-contrastsegments.
This is closelyrelatedto theligatureanalysisusedin [?].



Figure 3: Examplesof the CDT triangulation. G-edges
(gradientedgesdetectedby Pb) arein black andC-edges
(completedby CDT) in green.Notehow theCDT manages
to completegapson the front legs of the elephant(high-
lighted on the inset at right). Thesegapsare commonly
formedwhenan objectcontourpassesin front of a back-
groundwhoseappearance(brightness/texture) is similar to
thatof theobject.

In orderto establishgroundtruthlabelson theCDT edge
for �tting our models,we needto transferhumanmarked
boundariesfrom the pixel grid. This is accomplishedby
runningamaximum-cardinalitybipartitematchingbetween
the humanmarked boundariesand the CDT edgeswith a
�x eddistancethreshold.We labelaCDT edgeasboundary
if 75% of the pixels lying underthe edgearematchedto
humanboundaries;otherwisewe labelit asnon-boundary.

Figure4 shows the performanceof the local boundary
detectorPb as well as the performancewhen we assign
the averageunderlyingPb to eachCDT edge.1 Thesere-
sultsclearlyshow thatmoving from pixelsto theCDT com-
pletionseldomgivesup any boundariesfoundby the local
measurement.Thegreencurve documentsthesoft ground-
truth labellingsof the CDT edges(percentagematchedto
humanmarkedpixels). This is the targetoutputof the two
continuity modelswe describenext. The gap betweenthe
asymptoticrecallof Pbandtheground-truthshows thatthe
CDT is even completinga few contourswhich are com-
pletelyillusory (i.e. contourswith no localevidence).

Wehaveexperimentedwith otheralternativeschemesof
completion. For example,one way to completepotential

1Throughout this paper, performanceis evaluated with using a
precision-recall curve which shows the trade-off betweenfalsepositives
and misseddetections. For eachgiven thresholdingt of the algorithm
output, above thresholdboundarypoints are matchedto human-marked
boundariesH andtheprecisionP = P (H (x; y) = 1jP b(x; y) > t) and
recall R = P (P b(x; y) > t jH (x; y) = 1) arerecorded(see[14] for
morediscussion).
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Figure4: This Precision-Recallcurve veri�es thatmoving
from pixels to the CDT completiondoesn't give up any
boundariesfound by the local measurement.For compar-
ison, we show the upper-boundperformancegiven by the
trainingdataontheCDT edges.Theupperboundcurvehas
aprecisionnear1 evenathigh recallandachievesagreater
asymptoticrecall thanthelocal boundarydetector, indicat-
ing it is completingsomegradientlessgaps.

gapsis to allow eachvertex to connectto its k nearestneigh-
bors, subjectto visibility. This schemeaddsmany more
completionsthantheCDT, withoutachieving any improve-
mentin performance.

3. Modeling Curvilinear Continuity

In the previous sectionwe describedhow to construct
a discrete,scale-invariant structure,the CDT graph,from
low-level edges.Wewill associatea randomvariableX e to
every edgee in the CDT graph,whereX e = 1 if e corre-
spondsto a trueboundarycontourandX e = 0 otherwise.
The variablesf X eg interactwith eachother throughver-
ticesor junctionsin thegraph.Our goal is to build a prob-
abilistic modelof continuityandjunctionfrequency on the
CDT graphandmake inferenceaboutf X eg.

We will introducetwo models: oneof local continuity
andoneof global continuity. The local continuity model
considersonly the local context of eache; eachX e is esti-
matedindependentlyin its local context. This servesasa
baselinemodelandis a convenientplaceto studythe rel-
evant features(which areall de�ned locally). The global
continuity model usesconditional random�elds [12] to
build a joint probabilisticmodel over all edges. We esti-
matethemarginalsof X e usingloopy beliefpropagation.

3.1 A local continuity model

Eachedgee in a CDT graphis naturallyassociatedwith
a setof featuresincluding the averagePb of pixels along
the edgee andwhetherit is a G-edge(detectedin Pb) or
C-edge(completedby theCDT). Thelocal context of e in-
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Figure5: (a) A simple2-edgemodelof local curvilinear
continuity. eachedgehasanassociatedsetof features.con-
tinuity is measuredby theangle� . (b) evidencesof conti-
nuity comefrom bothendsof edgee0. Thenew“probability
of boundary”for e0 is theproductof the2-edgemodelon
bothpairs(e0; e1) and(e0; e2).

cludesthesefeaturesandthoseof neighboringedgesin the
CDT graph.

Considerthe simplestcaseof context: a pair of con-
nectededges( Figure5(a) ). Eachedgecanbe on or off
(beinga true boundaryor not), hencefour possiblelabel-
ingsof this pair. However, thegroundtruthcontoursin our
datasetsarealmostalwaysclosed;line endingsand junc-
tionsarerare.Thereforewe make thesimplifying assump-
tion that thereareonly two possiblelabelings:eitherboth
of themareon,or bothareoff.

Our best local model usesas featuresPb, averagePb
overthepairof edges;G, anindicatorvariablewhetherboth
of the edgesare G-edges,and � , the angleformed at the
connectionof the pair. We uselogistic regressionto �t a
linear model to thesefeatures.We have found that logis-
tic regressionperformsaswell asotherclassi�ers(we also
testedsupportvectormachinesandhierarchicalmixtureof
experts).It alsohastheadvantageof beingcomputationally
ef�cient andsimpleto interpret.

To evaluatethelocalcontinuitymodel,weusetheclassi-
�er to assignanew “probability of boundary”valueto each
edgee. ConsiderFigure5(b): evidenceof continuitycomes
from bothendsof anedgee0, asacontourate0 wouldhave
to continuein both directions. We assumethat thesetwo
sourcesof informationareindependentandtake a product.
RecallX e = 1 if thepixelscorrespondingto e lie on a true
boundaryand0 otherwise.Thelogistic modelgivesanes-
timateof P(X e0 = 1; X e1 = 1), the posteriorprobability
that the pair of edges(e0; e1) areboth true. If S1 andS2

arethe two setsof edgesconnectingto e0 at the two ends
wede�ne thenew boundaryoperatorPbL underthe2-edge
productmodelto be:

PbL = max
e1 2 S1

P(X e0 = 1; X e1 = 1)� max
e2 2 S2

P(X e0 = 1; X e2 = 1)

Thequantitativeperformanceevaluationof PbL againstPb
is shown in Section4.

To evaluaterelative contribution of eachfeature,we �t
classi�ersto subsetsof featuresandcomparedtheir perfor-
mance.Theresultsonthebaseballplayerdatasetareshown
in Figure6. Performanceis evaluatedwith bothaprecision-
recallcurve andacross-entropy lossL [8].

We observe thatPb is themostusefulfeaturewith L =
0:418. Angle � by itself is not asuseful; however, when
combinedwith Pb, � helpsreducethe lossto 0:385. G by
itself is quite informative, as85%of thepositive examples
have G = 1 ( bothedgesbeingG-edges). Whenthethree
featuresare combined,the loss is reducedto 0:374. We
have experimentedwith many additionalfeaturesbut they
areat mostmarginally useful,hencenot includedin thelo-
calmodel.

We alsoconsideredseveral variantssuchas: a second-
layerclassi�er to combineinformationfrom thetwo endsof
e0; a 3-edgeclassi�er which directly takesasinput thefea-
turesfrom triples of edges;anda full 4-way classi�cation
on eachpair of edges.Thesimplest2-edgeproductmodel
describedabove performsaswell asany of thesevariants.
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Figure 6: Evaluating combinations of features with
precision-recallcurvesandcross-entropy lossL on theset
of baseballplayerimages.Pb is the mostpowerful single
feature.Theadditionof continuity� signi�cantly improves
theperformance.

3.2 A global continuity model

In orderto capturelongerrangedependenciesof bound-
ary presencewe alsoconsidera globalprobabilisticmodel
built on top of theCDT. We utilize thesamemeasurements
as in the local-model(Pb,G,� ) along with the frequency
with which junctionsof differentdegreesappear. To inte-
gratethesefeaturesacrossthe image,we usea conditional
random�eld (CRF)modelas�rst introducedby [12].

Unlike the MRF models traditionally used in vision
which modelthe joint distribution of imagemeasurements
andhiddenlabels,a CRFfocusdirectly on theconditional
distribution of labelsgiven the observations. Onekey ad-
vantagefrom our perspective is that theobservedvariables
neednot be conditionally independentgiven the hidden



Figure7: Thefactorgraphrepresentingourconditionalran-
dom �eld modelfor global continuity. The CDT provides
both the geometricandgraphicalstructurefor our model.
Eachedgein theCDT correspondsto a variableX e (repre-
sentedby circles)which is 1 if pixelscorrespondingto edge
e constitutea true boundary. Potentialfunctions(squares)
consistof a singletonpotentialfor eachedgeencodesthe
underlyingPb measurementandcontinuity/closurepoten-
tials at theverticeswhosevaluesaredependenton boththe
anglesbetweenincomingsegmentsandthenumbersof C-
andG-edgesenteringa junction.

variables. This allows muchgreaterfreedomin choosing
modelfeatures.

Conditional random �elds have been proposedas a
methodfor imagesegmentationby[11, 22, 9], however, the
focusis still on pixel-level labelingwhich is tied to theres-
olution of the pixel grid. Moving to scalefree, mid-level
tokensis our key ingredientto handlingobjectsat a contin-
uumof scales.For example,the”multi-scale” approachof
[9] usesfeaturesat threedifferentscalesrelative to theim-
age,but the featuresaredifferentfor eachscale. To make
sucha modelscale-invariant requiresaddinga setof fea-
turesfor every possibleobjectscaleandtying theparame-
ters togetheracrossscales. In our case,becausethe CDT
structureandinput featuresarescale-invariantasimpleran-
dom�eld wouldsuf�ces.

We basethe independencestructureof our hiddenvari-
ableson the topologyof theCDT. Recallthe randomvari-
ableX e whosevalueis 1 if thepixelscorrespondingto e lie
on a true boundary. Let X V be the collectionof variables
for all edgeswhich intersectat a vertex V of theCDT. We
considerlog-lineardistributionsoverthecollectionof edges
of theform

P(X jI ; �) =
ef

P
e � (X e j I ;�)+

P
V  (X V j I ;�) g

Z (I ; �)

The � potentialfunction capturesthe extent to which the
imageevidenceI supportsthepresenceof aboundaryunder
edgee.  describesthecontinuityconditionsat a junction

betweencontoursegments. � is the collection of model
parameters.

Ouredgepotentialis givenby

� (X ejI ; �) = � PbeX e

wherePbe is theaveragePb recordedover thepixelscor-
respondingto edgee. Thevertex potentialis givenby

 (X V jI ; �) =
X

i;j

� i;j 1f degg = i; degc = j g

+ 
 1f degg + degc =2 gf (� )

wheredegg is thenumberof G-edgesatvertex V for which
X e = 1 andsimilarly degc is thenumberof C-edgeswhich
areturnedon.

(degg; degc) determinesthe “junction type” for every
possibleassignmentof X v : for example,a total degreeof
1 ((degg + degc) = 1) correspondsto a line ending,2 a
continuation,and3 a T-junction. The modelassociatesa
seperateweight � i;j to eachpossibletype. Whenthe total
degreeof a vertex is 2, 
 weightsthecontinuityof thetwo
edges.

� is the angleformedby the two edgesturnedon, and
f is a smoothfunction which is symmetricaround� = 0,
falling off as� ! � . If the anglebetweenthe two edges
is closeto 0, they form a goodcontinuation,
 f (� ) is large
andthey aremorelikely to bothbeturnedon.

Our model has the collection of parameters� =
f � ; � ; 
 g. We �t � by maximizing the log likelihood.
Sincethe likelihoodis log-linearin the parameters,taking
a derivative alwaysyieldsa differenceof two expectations.
For example,thederivativewith respectto thecontinuation
parameter
 for a singletraining image/groundtruth label-
ing, (I ; X ) is:
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wherewe usethe fact that derivativesof the log partition
functiongeneratethemomentsequenceof P(X jI ; �) . The
�rst termis theobservedsumof f (� ) on degree2 vertices
while the secondterm which is the expectationunderthe
modelgiven our currentsettingof the parameters.When
the modelexpectationsmatchthoseobserved in the train-
ing data,we have foundthemaximumlikelihoodsettingof



theparameters.Until we reachthatpoint, we take a small
stepin thegradientdirection.Parameterstypically converge
aftera few hundrediterations.

Unfortunately, computingthe expectationsof our fea-
tureswith respectto modelparametersis intractable.Un-
likethesequencemodelingtaskswhereconditionalrandom
�elds were�rst investigatedourgraphis not treestructured,
it containsmany triangles(amongotherloops).Weapprox-
imatetheedgeandvertex degreeexpectationsusingloopy
belief propagation[25]. Loopy belief propagationhasbeen
appliedto many vision problemsbefore, typically on the
pixel-grid. The connectivity of the CDT graphswe study
is morecomplicatedthana regular grid. However, in our
experimentsbeliefpropagationappearsto convergequickly
(< 10 iterations)to a reasonablesolution.

We �nd that the parameterslearnedfrom groundtruth
boundarydatamatchour intuition well. For example,the
weight � 1;0 is muchsmallerthan� 2;0, indicatingthat line
endingsare lesscommonthancontinuationandre�ecting
theprevalenceof closedcontours.For degree2 vertices,we
�nd � 2;0 > � 1;1 > � 0;2, indicatingthatcontinuationalong
G-edgesis preferableto invokingC-edges.

Oncethe modelhasbeentrained,we usebelief propa-
gation to estimatethe marginal distributions f X eg on the
edgesof theCDT andthenprojectthesedown to thepixel
grid whereit canthenbecomparedto boththelocal model
andtheraw Pb.

4. Results: Is curvilinear continuity useful?

We have describedtwo differentalgorithms,eachwhich
outputsa new estimateof theboundaryprobabilityat each
pixel: PbL , the local model on the CDT, and PbG , the
global random�eld model. In orderto evaluatethese,we
usethreehuman-segmenteddatasets:a setof news photos
of baseballplayers[16] split into 15 training and15 test-
ing images,imagesof horses[2] split into 172trainingand
172testimages,andtheBerkeley SegmentationDataset[4]
(BSDS) which contains200 training imagesand 100 test
imagesof variousnaturalscenes.

Performanceon thesedatasetsis quanti�ed using the
precision-recallframework asin [14]. Figure8 shows the
precision-recallcurves for eachdataset. Thesequantita-
tive comparisonsclearly demonstratethat mid-level infor-
mationis usefulin a genericsetting.Both modelsof curvi-
linearcontinuityoutperformPb. Theglobalmodel,which
is ableto combinelocal evidenceof continuity andglobal
constraintssuchasclosure,performsthebest.

The improvement is most noticeable in the low-
recall/high-precisionrangewhich correspondsto the case
of boostingthemostprominentboundariesandsuppressing
backgroundnoise.Theseboundariesaretypically smooth;
thuscontinuity helpssuppressfalsepositives in the back-
ground.This is evident in theexamplesshown in Figure9.

Wealso�nd thatourmodelspushtheasymptoticrecallrate
muchcloserto 100%(without lossin precision),re�ecting
their abilitiesto completegradient-lessgaps.

We observe that the bene�t of continuity on the base-
ball playerandhorsedatasetis muchlargerthanthaton the
BSDS dataset. One reasonmay be that the baseballand
horsedatasetsareharder(note the low precisionratesfor
Pb) whichmakestheroleof continuitymoreimportant.

The remaininggap in performancebetweenour model
andtheupperboundmaybestbebridgedby detectingob-
jects in the sceneusing the mid-level boundarymap and
then “cleaningup” the boundariesin a top-down fashion.
In the caseof generaldatasetslike the BSDS,this will re-
quirerecognizingthousandsof objectcategories.

5. Conclusion

We have describedtwo stochasticmodelsof curvilinear
continuitywhich have a veri�ably favorableimpacton the
problemof boundarydetection.The local modelof curvi-
linear continuity, thoughquite simple,yields a signi�cant
performancegain. Theglobalmodel,by makinglong-range
inferenceover local continuityconstraints,is themostsuc-
cessfulin utilizing mid-level information.

The key step in our approachto modeling continuity
is moving from pixels to the piecewise linear approxima-
tions of contoursand the constrainedDelaunaytriangula-
tion. This providesa scale-invariantgeometricrepresenta-
tions of imageswhich tendsto completegapsin the low-
level edgemap. Moving from 100,000pixels to 1000De-
launayedgesis alsoimportantasit yieldshugegainsin both
statisticalandcomputationalef�ciency.

We have shown that the outputsof our algorithmsare
quanti�ably betterthana low-level edgedetectoron a wide
variety of naturalimages.We feel stronglythat continued
progressin mid-level vision restson being able to make
quantitative comparisonsbetweenalgorithms. Many of
the latestexciting resultsin object recognitionand stereo
reconstructioncould not have occurredwithout the �rm
groundingin quantitative evaluation. Perceptualorganiza-
tion shouldbeheldto thesamehighstandards.
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Figure9: Exampleresultson thethreedatasets.Thetwo columnsof edgemapsshow thelocalboundarydetectorPboutput
andtheCRFmodelrespectively. Thealgorithmsoutputshavebeenthresholdedata level whichyields2000boundarypixels
for thebaseball/BSDSimagesand1000pixelsfor thesmallerhorseimages.


