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Abstract

We presenta modelof curvilinear groupingusingpiece-
wise linear representationf contous and a conditional
random eld to captuie continuityandthe frequencyof dif-
ferentjunction types. Potential completionsare geneiated
by building a constained Delaunaytriangulation (CDT)
over the setof contous foundby a local edge detector

Maximum likelihood parametes for the model are
learnedfrom humanlabeledgroundtruth. Using held out
testdata,wemeasue howthemodel,byincorporating con-
tinuity structure, improvesboundarydetectionover the lo-
cal edge detector We also compae performancewith a
baselindocal classi er that opeiateson pairs of edeels.

Both algorithms consistentlydominate the low-level
boundarydetectorat all thresholds.To our knowledg, this
is the r sttimethat curvilinear continuity hasbeenshown
guantitativelyusefulfor a large variety of natural images.
Betterboundarydetectiorhasimmediateapplicationin the
problemof objectdetectionandrecaynition.

1. Intr oduction

Findingtheboundarie®f objectsandsurfacesn ascene
is a problemof fundamentaimportancefor computervi-
sion. Thereis a large body of work on objectrecognition
whichreliesonbottom-upboundarydetectiorto providein-
formationaboutobjectshapde.g.[3, 10, 1]). Evenin cases
wheresimpleintensityfeaturesaresufcient for objectde-
tection,e.g.facesijt is still desirableto incorporatebottom-
up boundarydetectionin orderto provide preciseobject
segmentation(e.g. [24]). The availability of high quality
boundarylocationestimatesvill ultimatelygovernwhether
thesealgorithmsare successfuin real-world scenesvhere
clutterandtextureabound.

Boundariesaretypically detectedusingsomelocal oper
ator. For example therecentwork by [14] trainsaclassi er
that predictsthe probability of boundary P b, at eachpixel
location using local brightnesstexture and color gradient
cuesasfeatures.Training datacomesfrom a setof images
where boundarieshave beenmarked by humansubjects.
Unfortunately this algorithmstill missesmary true bound-
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ariesandfalselydetectsothers. The authorsarguethat de-
tectionfailuresareprimarily dueto lack of context sincehu-
manobsenerspresentedvith only localimagepatchegper
form no betterthanthe classi er [15]. How canwe model
this missingcontet?

Onewell known sourceof contetual informationis that
provided by curvilinear continuity, sometimegeferredto
as “good continuation”or “illusory contourcompletion”.
Inspired by Wertheimerand Kanizsa, the study of this
phenomenorhas a long and in uential tradition in psy-
choplysicsaswell asneuroplysiology[18]. More recently
ecolaical statisticsof contourshave con rmed the exis-
tenceof curvilinearcontinuityin naturalimageg7] andits
scale-ivariantpropertied20]. In computewisionthereex-
istsarich literatureon how to modelcurvilinearcontinuity
(e.g. [21,19, 17, 26]). More recentdevelopmentdocuson
nding closedsalientcontourg6, 27, 13].

The mostbasicscienti ¢ questionis whetherthis type
of additionalcontetual processingmprovesthe accurag
of boundarydetection. In particular ary algorithmwhich
boostslow-contrastor illusory boundariesmay also nd
spuriouscompletionsn heavily textureregionsof a scene.
Is theneteffect positive or negative? This questioncanonly
be answeredy quantitatve measurementslo the bestof
our knowled@, no sudh measuementshavebeenmadeon
alarge, diversesetof real-worldimages.

The contritution of this paperis a stochastionodel of
continuity and closurewhich provides boundaryestimates
that are quanti ably betterat all thresholdshanthe input
provided by a local detector Our approactstartswith lo-
cally computedP b which is discretizednto a setof piece-
wise linear sggments. Potential completionsare gener
atedutilizing theconstainedDelaunaytriangulationasde-
scribedin Section2. We shawv thatthis scale-ivariantge-
ometric structurecapturesa vast majority of the true im-
ageboundarieswhile reducingthe compleity from hun-
dredsof thousandf pixels to a thousandcandidateline
segments.

In Section3 we develop two modelsof curvilinearcon-
tinuity onthis graphical/geometristructure:a simplelocal
modelwhichclassi eseachpairof edgesndependentlyand
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Figurel: Finding potentialcompletions:(a) anobjectmay
appeamtary scalein thevisual eld (b) a piecaviselinear
curve approximateshe boundariesegardlessof scale. (c)
ConstainedDelaunayTriangulationconnectshe gapsand
completesa scale-ivariantrepresentation.

a global modelwhich usesa conditionalrandom eld [12]
in orderto enforceboth continuity andlong-rangeproba-
bilistic constrainton junctions.

Quantitatve evaluation is made possible by 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 performancesvaluation of
thelocal andglobalmodelson these3 datasetss presented
in Sectiond alongwith exemplaryresults.

2. Scale-Irvariant Completion

Thestartingpointof our approachs theobsenationthat
piecavise linear approximationsof contourscan be con-
structedin a scale-ivariantway. Using the constained
Delaunaytriangulationto completethepiecaviselinearap-
proximationgpreseresthis scale-ivariance Figurel gives
anillustration. The Delaunaytriangulation(DT) is thedual
of the Voronoidiagramandis the uniquetriangulationof a
setof verticesin the planesuchthatno vertex is insidethe
circumcircleof ary triangle. The constrainedelaunaytri-
angulation(CDT) is avariantof of the DT in which a setof
userspeci ededgeanustlie in thetriangulation.TheCDT
retainsmary nice propertiesof DT andis widely usedin
geometrionodelingand nite elementanalysis.It wasalso
recentlyappliedto imagesegmentatiorby [28].

This piecavise linear representatiorhas mary adwan-
tagesover usingthepixel grid: (1) by moving from 100,000
pixelsto 1000edgesit achiezeshigh statisticalandcompu-
tationalef ciency. (2) thisdiscreterepresentationf theim-
ageis scale-ivariant,independenbf theimageresolution.
(3) By restrictingcompletionsto the edgesn the graph, it
partially solvesthe problemof having too mary spurious
completionsMoreover, we will shav empiricallythatvery
little of thetrueboundarystructureis lostin this discretiza-
tion process.

Of particularinterestto usis scaleinvariance. Empiri-
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Figure2: Building adiscretegraph.(a) we recursvely split
aline until theangle is belov athreshold.(b) anillustra-
tion of the process:the input edgemap, the linearization,
andthe ConstrainedelaunayTriangulation.

cal studiesof the ecolagical statisticsof contourq7, 20, 5]
have revealedone fundamentalproblemin mary existing
models: the lack of scaleinvariance For example,the
stochastianotion modelof [26] predictsthatif onebreaks
contoursinto segmentsat high-cunaturelocations the dis-
tribution of segmentlengthshouldbe exponential Work by
[20] suggestshatthe empiricaldistribution is notexponen-
tial; insteadit closelyfollows a power law, a characteristic
of scale-irvariant phenomenaA relatedpower law is also
reportedin [5]. These ndings are consistentwith the in-
tuition that we seeobjectsat arbitraryscales.Scaleinvari-
anceis alsocrucial from a practicalpoint of view, asit is
requiredin mary fundamentabision taskssuchas object
recognition.

2.1 Building a piecewisdinear representation

Our discretizationstep startswith using Canry's hys-
teresisthresholdingto tracethe P b contoursandthenre-
cursively split them until eachseggmentis approximately
straight. Figure2(a) shavs anillustration of this lineariza-
tion: for a given contour let be the anglebetweenseay-
mentscaandch Pickthesetof pointsf a; b;cg, in acoarse-
to- ne searchsuchthatthe angle is maximized.If is
belov a threshold,split the contourby addinga vertex at
¢ andcontinue.A heuristicis addedto handleT-junctions:
whenavertex is very closeto anothedine, we split this line
andinsertanadditionalvertex.

We usethe TRIANGLE program[23] to produceCDTs
asshown in Figure3. Thelinearizededgesextractedfrom
the P b contoursbecomeconstrainecedgesin the triangu-
lation which we refer to as gradient edgesor G-edges
The remainingcompletion edgesor C-edgesare lled in
by the CDT. Of particularinterestto usis CDT's ability
to completecontoursacrossgapsin the local detectorout-
put. A typical scenarioof contourcompletionis one low-
contrastcontoursggment(missedby Phb) in betweentwo
high-contrassegments(both detectecby Ph). If the low-
contrastsggmentis shortin length,it is likely no otherver
ticeslie in the circumcircleand CDT will correctly com-
pletethegapby connectinghetwo high-contrassegments.
Thisis closelyrelatedto theligatureanalysisusedin [?].
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Figure 3: Examplesof the CDT triangulation. G-edges
(gradientedgesdetectedby Pb) arein black and C-edges
(completecby CDT) in green.Notehow the CDT manages
to completegapson the front legs of the elephant(high-
lighted on the inset at right). Thesegapsare commonly
formedwhen an objectcontourpassesn front of a back-
groundwhoseappearancéorightness/teture) is similar to
thatof the object.
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In orderto establishgroundtruthabelsonthe CDT edge
for tting our models,we needto transferhumanmarked
boundariesrom the pixel grid. This is accomplishedby
runningamaximum-cardinalitypipartitematchingbetween
the humanmarked boundariesandthe CDT edgeswith a
x eddistancethreshold We labela CDT edgeasboundary
if 75% of the pixels lying underthe edgeare matchedto
humanboundariesptherwisewe labelit asnon-boundary

Figure 4 shavs the performanceof the local boundary
detectorP b as well as the performancewhen we assign
the averageunderlyingP b to eachCDT edge! Thesere-
sultsclearlyshav thatmoving from pixelsto theCDT com-
pletion seldomgivesup ary boundariegound by the local
measuremenfThe greencurve documentshe soft ground-
truth labellingsof the CDT edges(percentagenmatchedto
humanmarled pixels). This is the target outputof the two
continuity modelswe describenext. The gap betweenthe
asymptotiaecallof P bandtheground-truthrshowvs thatthe
CDT is even completinga few contourswhich are com-
pletelyillusory (i.e. contourswith nolocal evidence).

We have experimentedvith otheralternatve scheme®sf
completion. For example,one way to completepotential

1Throughout this paper performanceis evaluated with using a
precision-recall curve which shavs the trade-of betweerfalsepositives
and misseddetections. For eachgiven thresholdingt of the algorithm
output, above thresholdboundarypoints are matchedto human-markd
boundaried andtheprecisionP = P(H (x;y) = 1jPb(x; y) > t) and
recallR = P(Pb(x;y) > tjH(x;y) = 1) arerecorded(see[14] for
morediscussion).
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Figure4: This Precision-Recalturve veri es thatmoving

from pixels to the CDT completiondoesnt give up ary

boundariefound by the local measurementFor compar

ison, we shaw the upperboundperformancegiven by the
trainingdataonthe CDT edges.Theupperboundcurve has
aprecisionnearl evenat high recallandachiezesa greater
asymptoticrecallthanthelocal boundarydetectorindicat-
ing it is completingsomegradientlesgaps.

gapsisto allow eachvertex to connectoits k nearesheigh-
bors, subjectto visibility. This schemeaddsmary more
completionghanthe CDT, withoutachiezing ary improve-
mentin performance.

3. Modeling Curvilinear Continuity

In the previous sectionwe describedhow to construct
a discrete,scale-ivariant structure,the CDT graph,from
low-level edgesWe will associatarandomvariableX e to
every edgee in the CDT graph,whereX = 1if e corre-
spondsto a true boundarycontourand X = 0 otherwise.
The variablesf X ¢g interactwith eachotherthroughver
ticesor junctionsin the graph. Our goalis to build a prob-
abilistic modelof continuity andjunctionfrequeng onthe
CDT graphandmale inferenceaboutf X Q.

We will introducetwo models: one of local continuity
and one of global continuity The local continuity model
considersonly the local context of eache; eachX ¢ is esti-
matedindependentlyin its local context. This senesasa
baselinemodelandis a corvenientplaceto studythe rel-
evant features(which are all de ned locally). The global
continuity model usesconditional random elds [12] to
build a joint probabilisticmodel over all edges. We esti-
matethe mamginalsof X ¢ usingloopy belief propagtion.

3.1 A local continuity model

Eachedgee in a CDT graphis naturallyassociateavith
a setof featuresincluding the averageP b of pixels along
the edgee andwhetherit is a G-edge(detectedn Pb) or
C-edge(completedby the CDT). Thelocal context of e in-
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Figure5: (a) A simple 2-edgemodel of local curvilinear
continuity eachedgehasanassociatedetof features.con-
tinuity is measuredy theangle . (b) evidencesof conti-
nuity comefrom bothendsof edgeey. Thenew“probability
of boundary”for e is the productof the 2-edgemodelon
bothpairs(ey; e1) and(ep; €2).

cludesthesefeaturesandthoseof neighboringedgesn the
CDT graph.

Considerthe simplestcaseof contet: a pair of con-
nectededges( Figure5(a)). Eachedgecanbe on or off
(beinga true boundaryor not), hencefour possiblelabel-
ings of this pair. However, the groundtruthcontoursin our
datasetsare almostalways closed;line endingsand junc-
tionsarerare. Thereforewe make the simplifying assump-
tion thatthereareonly two possiblelabelings: eitherboth
of themareon, or bothareoff.

Our bestlocal model usesas featuresP b, averageP b
overthepairof edgesG, anindicatorvariablewhetherboth
of the edgesare G-edges,and , the angleformed at the
connectionof the pair. We uselogistic regressionto t a
linear modelto thesefeatures. We have found that logis-
tic regressiorperformsaswell asotherclassi ers(we also
testedsupportvectormachinesandhierarchicalmixture of
experts).It alsohastheadwantageof beingcomputationally
ef cient andsimpleto interpret.

To evaluatethelocal continuitymodel,we usetheclassi-

er to assignanew “probability of boundary”valueto each
edgee. ConsiderFigure5(b): evidenceof continuitycomes
from bothendsof anedgeey, asa contouratey would have

to continuein both directions. We assumehat thesetwo

sourcef informationareindependenandtake a product.
RecallX ¢ = 1if thepixelscorrespondingo e lie onatrue
boundaryand0 otherwise.Thelogistic modelgivesanes-
timateof P(X¢, = 1; X, = 1), the posteriorprobability
thatthe pair of edges(ey; e1) arebothtrue. If S; andS;

arethe two setsof edgesconnectingto ey at the two ends
we de ne thenew boundaryoperatoiP b, underthe2-edge
productmodelto be:

Ph = erlnzasx1 P(Xe=1Xe=1) erznzas>§ P(Xe=1;Xe,=1)

Thequantitatve performancevaluationof P b againstPb
is shawvn in Sectiord.

To evaluaterelative contritution of eachfeature,we t
classi ersto subsetof featuresandcomparedheir perfor
mance.Theresultsonthebasebalplayerdataseareshavn
in Figure6. Performancés evaluatedwith bothaprecision-
recallcurve anda cross-entroplossL [8].

We obsenre that P bis the mostusefulfeaturewith L =
0:418 Angle by itself is not asuseful; however, when
combinedwith Pb, helpsreducethelossto 0:385 G by
itself is quite informative, as85% of the positive examples
have G = 1 ( bothedgesbeingG-edges). Whenthethree
featuresare combined,the lossis reducedto 0:374 We
have experimentedwith mary additionalfeaturesbut they
areat mostmarginally useful,hencenotincludedin thelo-
calmodel.

We also consideredseveral variantssuchas: a second-
layerclassi erto combineinformationfrom thetwo endsof
€y; a3-edgeclassi er which directly takesasinput the fea-
turesfrom triples of edges;anda full 4-way classi cation
on eachpair of edges.The simplest2-edgeproductmodel
describedabove performsaswell asary of thesevariants.
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Figure 6: Evaluating combinations of features with
precision-recalturvesandcross-entrop lossL on the set
of basebalplayerimages.Pb is the mostpowerful single
feature.Theadditionof continuity signi cantly improves
theperformance.

3.2 A global continuity model

In orderto capturdongerrangedependenciesf bound-
ary presencave alsoconsidera global probabilisticmodel
built ontop of the CDT. We utilize the samemeasurements
asin the local-model(Pb,G, ) alongwith the frequeng
with which junctionsof differentdegreesappear To inte-
gratethesefeaturesacrosshe image,we usea conditional
randomeld (CRF)modelas rst introducedby [12].

Unlike the MRF models traditionally usedin vision
which modelthe joint distribution of imagemeasurements
andhiddenlabels,a CRFfocusdirectly on the conditional
distribution of labelsgiven the obsenrations. Onekey ad-
vantagefrom our perspectie is thatthe obsered variables
need not be conditionally independentgiven the hidden



Figure7: Thefactorgraphrepresentingurconditionalran-
dom eld modelfor global continuity The CDT provides
both the geometricand graphicalstructurefor our model.
Eachedgein the CDT correspondso avariableX ¢ (repre-
sentedy circles)whichis 1if pixelscorrespondingo edge
e constitutea true boundary Potentialfunctions(squares)
consistof a singletonpotentialfor eachedgeencodeghe
underlyingP b measuremenrdind continuity/closurepoten-
tials at the verticeswhosevaluesaredependenon boththe
anglesbetweenincomingseggmentsandthe numbersof C-
andG-edgesnteringajunction.

variables. This allows much greaterfreedomin choosing
modelfeatures.

Conditional random elds have been proposedas a
methodfor imagesegmentatiorby[11, 22, 9], however, the
focusis still on pixel-level labelingwhichis 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 threedifferentscaleselative to theim-
age,but the featuresaredifferentfor eachscale. To make
sucha model scale-ivariantrequiresaddinga set of fea-
turesfor every possibleobjectscaleandtying the parame-
terstogetheracrossscales. In our case,becauseéhe CDT
structureandinputfeaturesarescale-ivariantasimpleran-
dom eld wouldsufces.

We basethe independencstructureof our hiddenvari-
ableson thetopologyof the CDT. Recallthe randomvari-
ableX . whosevalueis 1if the pixelscorrespondingo e lie
on atrue boundary Let Xy bethe collectionof variables
for all edgeswhichintersectat avertex V of the CDT. We
considellog-lineardistributionsoverthecollectionof edges
of theform

P _ P _
g o (Xejli)r v (Xvili) g
Z(13)
The potentialfunction captureshe extent to which the
imageevidencel supportghepresencef aboundaryunder
edgee. describeghe continuity conditionsat a junction

P(Xjl;) =

betweencontoursggments. is the collection of model
parameters.

Our edgepotentialis givenby
(Xejl; ) =

whereP by, is the averageP b recordedover the pixels cor-
respondingo edgee. Thevertex potentialis givenby

PbeXe

(Xvils) ij 1fdegy=1i;deg,=jg
B]
+ 1f deggy + deg =2 gf ( )

wheredeg, is thenumberof G-edgesatvertex V for which
Xe = landsimilarly deg. is thenumberof C-edgeswhich
areturnedon.

(deg,; deg;) determinesthe “junction type” for every
possibleassignmenbf X : for example,a total degreeof
1 ((deg, + deg) = 1) corresponddo aline ending,2 a
continuation,and 3 a T-junction. The modelassociates
seperateveight ; to eachpossibletype. Whenthe total
degreeof avertex is 2, weightsthe continuity of the two
edges.

is the angleformed by the two edgesturnedon, and
f is a smoothfunctionwhich 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 =
fi.0 Wt by maximizing the log likelihood.
Sincethe likelihoodis log-linearin the parameterstaking
aderiative alwaysyields a differenceof two expectations.
For example thederiative with respecto the continuation
parameter for asingletrainingimage/groundruth label-
ing, (I;X) is:

@| g o Xellir Ty (il g
—lo
@ gx Z(In:)
@ @
= @f 1t deg, + deg.=2of ()9 @|ng(|n;)
X
= 1t deg, + deg.=2gf ()
A N
X

1f degg +deg =2 gf ( )
\ P(Xjl;)

wherewe usethe fact that derivatives of the log partition
functiongeneratéhe momentsequencef P (X jl; ) . The
rst termis the obsened sumof f ( ) ondegree?2 vertices
while the secondterm which is the expectationunderthe
model given our currentsettingof the parameters.When
the model expectationamatchthoseobsered in the train-
ing data,we have foundthe maximumlik elihoodsettingof



the parametersUntil we reachthatpoint, we take a small
stepin thegradientdirection. Parametersypically corverge
afterafew hundredterations.

Unfortunately computingthe expectationsof our fea-
tureswith respecto modelparameterss intractable. Un-
likethesequencenodelingtaskswhereconditionalrandom
elds were rst investigatedourgraphis nottreestructured,
it containgmary triangles(amongotherloops).We approx-
imatethe edgeandvertex degreeexpectationausingloopy
belief propagtion[25. Loopy belief propagtion hasbeen
appliedto mary vision problemsbefore, typically on the
pixel-grid. The connectity of the CDT graphswe study
is more complicatedthana regular grid. However, in our
experimentdbelief propagtionappearso converge quickly
(< l1Oiterations)}to areasonablsolution.

We nd that the parameterdearnedfrom groundtruth
boundarydatamatchour intuition well. For example,the
weight 1.0 is muchsmallerthan ».o, indicatingthatline
endingsare lesscommonthan continuationand re ecting
theprevalenceof closedcontours.For degree2 verticeswe
nd 20> 11> o2, indicatingthatcontinuationalong
G-edgess preferablgo invoking C-edges.

Oncethe modelhasbeentrained,we usebelief propa-
gation to estimatethe maiginal distributionsf X g on the
edgesof the CDT andthenprojectthesedown to the pixel
grid whereit canthenbe comparedo boththelocal model
andtheraw Ph.

4. Results: Is curvilinear continuity useful?

We have describedwo differentalgorithms,eachwhich
outputsa new estimateof the boundaryprobability at each
pixel: Ph_, the local model on the CDT, and Phg, the
globalrandom eld model. In orderto evaluatethese we
usethreehuman-sgmenteddatasetsa setof news photos
of baseballplayers[16] split into 15 training and 15 test-
ing imagesjmagesof horseq2] splitinto 172trainingand
172testimagesandthe Berkeley SegmentatiorDatasef4]
(BSDS) which contains200 training imagesand 100 test
imagesof variousnaturalscenes.

Performanceon thesedatasetss quanti ed using the
precision-recalframewvork asin [14]. Figure 8 shaws the
precision-recallcurves for eachdataset. Thesequantita-
tive comparisonglearly demonstratehat mid-level infor-
mationis usefulin agenericsetting.Both modelsof curvi-
linear continuity outperformP b. The globalmodel,which
is ableto combinelocal evidenceof continuity andglobal
constraintsuchasclosure performsthe best.

The improvement is most noticeable in the low-
recall/high-precisiorrangewhich correspondgo the case
of boostingthe mostprominentboundariegndsuppressing
backgrounchoise. Theseboundariearetypically smooth;
thus continuity helpssuppresdalsepositivesin the back-
ground.This is evidentin the examplesshavn in Figure9.

Wealso nd thatour modelspushtheasymptotiaecallrate
muchcloserto 100% (without lossin precision),re ecting
their abilitiesto completegradient-lesgaps.

We obsenre that the bene t of continuity on the base-
ball playerandhorsedatasets muchlargerthanthatonthe
BSDS dataset. One reasonmay be that the baseballand
horsedatasetsare harder(notethe low precisionratesfor
P b) which makestherole of continuity moreimportant.

The remaininggap in performancebetweenour model
andthe upperboundmay bestbe bridgedby detectingob-
jectsin the sceneusing the mid-level boundarymap and
then “cleaningup” the boundariesn a top-davn fashion.
In the caseof generaldatasetdike the BSDS, this will re-
quirerecognizinghousand®f objectcateories.

5. Conclusion

We have describedwo stochastianodelsof curvilinear
continuity which have a veri ably favorableimpacton the
problemof boundarydetection. The local modelof curvi-
linear continuity, thoughquite simple, yields a signi cant
performanceain. Theglobalmodel,by makinglong-range
inferenceover local continuity constraintsjs the mostsuc-
cessfulin utilizing mid-level information.

The key stepin our approachto modeling continuity
is moving from pixels to the piecavise linear approxima-
tions of contoursandthe constrainedelaunaytriangula-
tion. This providesa scale-ivariantgeometricrepresenta-
tions of imageswhich tendsto completegapsin the low-
level edgemap. Moving from 100,000pixelsto 1000 De-
launayedgess alsoimportantasit yieldshugegainsin both
statisticalandcomputationagf ciency.

We have shavn that the outputsof our algorithmsare
guanti ably betterthana low-level edgedetectoron awide
variety of naturalimages. We feel stronglythat continued
progressin mid-level vision restson being able to make
guantitatve comparisonsbetweenalgorithms. Marny of
the latestexciting resultsin objectrecognitionand stereo
reconstructioncould not have occurredwithout the rm
groundingin quantitatve evaluation. Perceptuabrganiza-
tion shouldbe heldto the samehigh standards.
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Figure9: Exampleresultson thethreedatasets.Thetwo columnsof edgemapsshow thelocal boundarydetectorP b output
andthe CRFmodelrespectiely. Thealgorithmsoutputshave beenthresholdedit alevel whichyields2000boundarypixels
for thebaseball/BSD$magesand1000pixelsfor the smallerhorseimages.



