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Abstract

While mid-level perceptual cueshavelong beenof inter-
estin the humanvision communitytheir role in computer
visionhasremainedimited. In thisreport,weevaluateses-
eral algorithmswhich male useof mid-level processingn
order to improve boundarydetection. Our r st technique
builds a probabilistic modelof the relation betweemroto-
typical local shapesof edgesand the presenceor absence
of a boundary We also presenta more explicit local model
of curvilinear continuityusingpieceviselinear representa-
tionsof contouss andthe ConstrinedDelaunayTriangula-
tion (CDT). Lastlyweconsidera globalrandomeld onthe
whole CDT which captues continuity along with the fre-
quencyof different of junction types. All threemodelsare
trained on humanlabeled groundtruth. We measue how
ead model,by incorporating mid-level structure, improves
boundarydetection.To our knowledg, thisis the r sttime
that such cueshavebeenshownquantitativelyusefulfor a
large setof natural images. Betterboundarydetectionhas
immediateapplicationin theproblemof objectrecaynition.

1. Intr oduction

Findingthe boundarieof objectsandregionsin a sceneis
a problemof fundamentalmportancefor computervision.
Thereis a large body of work on objectrecognitionwhich
relieson bottom-upboundarydetectiorto provide informa-
tion aboutobjectshape [4,12,8,1,7,28]. Evenin cases
wheresimpleintensityfeaturesaresufcient for objectde-
tection,e.g.facesit is still desirablgo incorporatebottom-
up boundarydetectionin orderto provide preciseobject
sgymentation [3, 36,29]. The availability of high quality
boundarylocationestimatesill ultimatelygovernwhether
thesealgorithmsare successfuin real-world scenesvhere
clutterandtextureabound.

Boundariesaretypically detectedisingsomelocal oper
ator. For example therecentwork by [16] trainsa classi er
that predictsthe probability of boundary P b, at eachpixel
locationusinglocal brightnesstexture and color gradient
cuesasfeatures.Training datacomesfrom a setof images
where boundarieshave beenmarked by humansubjects.
This elaboratealgorithmstill missesmary true boundaries
andfalsely detectsothersnot marked by humans.The au-
thorsarguethatdetectionfailuresare primarily dueto lack
of contet sincehumanobsererspresentedvith only local
imagepatchegperformno betterthanthealgorithm[18]. In
this paper we proposethe useof mid-level cuesin order
to provide missingcontext andhenceboostperformancef
suchalocal boundarydetector

In the humanvision communitytherehasbeenextensie
researclstressingthe importanceof mid-level cuesto vi-
sualprocessingHowever, theseideas,suchasgoodcontin-
uation, symmetry parallelismandfamiliar con gurations,
seemto have had little practicalimpacton the designof

computervision algorithms. One reasonis thatit's often
hardto quantify when suchmechanismsre actually per
forming somefunction that will ultimately be useful for
recognition. We circument this issueby treatingthe out-
put of mid-level processingasanotherboundarymap, pro-
jecting back to the pixel grid as necessary This gives a
clearcriterionfor successheoutputshouldbeabetteresti-
mateof thetrueboundarieshantheinputwas. Quantitatve
evaluationis madepossibleby utilizing threeexisting im-
agecollectionswhich have beenlabeledwith ground-truth
boundariesasetof 30 news photosof basebalplayerq20],
350imagesof horseq3] andtheBSDS30(5], aboundary
detectiorbenchmarlbasednimagesof naturalscenes.

We presenthreemodelsof mid-level processingvhich
take locally computedPb ! as input and provide quan-
tiably superioroutput. First, in Section2 we describe
a genericapproachusing clusteringto model prototypical
boundaryshapesn thevicinity of a pixel. This cancapture
suchcuesascontinuity, parallelismandfamiliar con gura-
tion. In Section3 we focusmore explicitly on curvilinear
continuity aspeci ¢ but powerful mid-level cuecloselyre-
latedto boundarydetection We developbothasimplelocal
model which makes decisionson pairs of edgesegments
usinga linear classi er and a global modelbasedon con-
ditional random elds which jointly estimategprobabilities
for all edgesegments. Lastly, the performancesvaluation
of the3 modelson 3 datasetss presentedn Section4.
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(a) theoutlookof alocal boundarydetector21x21 pixel patches

1

(b) context emepgesin 71x71 patches

Figurel: purelylocalboundandetectiorcaneasilybefooled. Utilizing
morecontet couldgreatlyimprove boundarydetection.

2. Familiar Con guration

Considerthe image patchesin Figure 1(a). The task of
a local boundarydetectoris to decidewhetherthereis a
boundaryrunningthroughthe centerof the patchbasedon
the patternof intensitiesin a smallneighborhoodUnfortu-
nately strictly local processingno matterhow clever, can

1ComputedusingMATLAB codedownloadedrom here[5]



befooled. For example,3 and4 have higherbrightnessand
texture contrastthan 1 and 2 but in examining the larger
contt seenin Figure 1(b), it becomesvident that there
arecontoursin patchesl and2, but notin patches3 and4.

Exploiting contet algorithmicallyis clearly not simply
a matterof elongating the supportof our gradientmagni-
tude calculationg The structurehereis muchricher In
patchl, the high contrastedgeson eitherside,althoughnot
colinear necessitatéhepresencef aboundarysomevhere
in the middle. Patch 2 featuresparallelismin additionto
continuity Patch 3 containsan isolatededgethat fails to
continueinto a boundarywhile patch4 lies in a textured
region, surroundedy high contrastedges.

In orderto capturethesediversepatternswe will seek
out prototypicalshapecon gurations, or shapemesasso-
ciatedwith both boundaryand non-boundarypoints and
learnhow bestto utilize themfrom “pastexperience”,i.e.,
by training a statistical model basedon human-markd
groundtruthdata. Thisis in the spirit of Wertheimers prin-
ciple of familiar con guration[32].

2.1 A Prototypical ShapeModel

To discover prototypicalshapeswe have to choosea shape
descriptorand a schemefor clusteringthesedescriptors.
We choosethe geometricblur [2] descriptoralignedto lo-
cal boundaryorientationand cluster using a mixture-of-
gaussianmodelwith symmetryconstraintson the param-
eters.Shapemehave beenusedin previouswork on object
recognitionby [19] who performedvectorquantizationon
shapecontet descriptorgo build analphabetf localshape
prototypesandcodedimagesby their frequencies.

Let I beaninputimageandl,, beits Pb (probabil-
ity of boundary[16]) image,which associates probabil-
ity of boundaryto eachpixel. The geometricblur centered
at locationx, GBy(y), is a linear operatorappliedto |
whosevalueis anothelimagegivenby the“convolution” of
I b With a spatiallyvarying Gaussian.GBy hasthe prop-
erty thatpointsfartheraway from x aremoreblurred,mak-
ing the descriptorrobust to afne distortions. The value
GBy (y) is the inner productof | p, with a Gaussiarcen-
teredaty whosestandarddeviationis jy xj. We rotate
theblurredimageGB sothatthelocally estimateatontour
orientationat x is alwayshorizontal. We choose = 0:5
andsamplethe blurred androtategirpageGBX at 4 differ-
entradii (increasingoy afactorof  2) and12 orientations,
to obtaina featurevectorof length48.

We usethe mixture-of-gaussiarmodelto representhe
distribution of shapesn this 48-dimensionafeaturespace.
Sincethegeometridblur descriptotis alignedto thecontour
tangent,thereis a 180 degreeorientationambiguity We
explicitly enforcethis symmetryby using2m mixturecom-
ponentsn m pairshaving tied meangbeingrotatedcopies

2Nor is it justamatterof recognition patch2 couldbeacrackbetween
two rocksor theleg of ananimal;patch4 might begravel or alfalfa.

of one another)and equal,diagonalcaovariances. For our
experimentsveusem = 64andt themodelusinganeasy
adaptatiorof thetypical EM algorithm.

Figure 2 providesa visualizationof somemixture com-
ponentdor thehorsedatasetThesearetheaverageP bim-
agesof thecomponentin the mixturethathave the highest
prior probability(ignoringclusterswith veryfew members).
Theseaverageshapesalbeitblurry, dorepreseninteresting
prototypicallocal shapespr “shapemes”:roughly speak-
ing, they containstraightlines( row 6, col 6 ), curvedlines
(row 1, col 2), line endingy row 6, col 3), parallellines(
row 3, col 3), sharpcornerg( row 4, col 1), textureedgey
row 6, col 1), etc. Takentogetherthey provide arepresen-
tationof thelocal context.

Figurez: Examplesof shapemesor prototypicalshapecon®gurations,
for thehorsedatasetShawvn areaverageP b patchedor eachclusterin the
mixture-of-caussian.

We applythis contextual informationto boundarydetec-
tion asfollows: eachlocationx is associatedvith boththe
P b value andthe shapedescriptorGB (x). We cancom-
pute the posteriorprobability f p;;  ; pmg of GB(X) in
the mixture-of-caussiarmodel. This givesusa new feature
vectorfor x: flog(Pb);log(p1); ;logd(pm)g. Thenwe
canusethis setof featurego classifywhetherx is bound-
ary or not.

We train a logistic classi er on this vector of features.
Sectiord givesthe quantitatve comparisorio raw P b. The
shapemeshavn in Figure2 aresortedby their weightsin
thelogistic classi er, decreasingn orderfrom left to right,
topto bottom.As we aredetectingooundarie®f horsesex-
tendedcontours( row 1, col 2 ) arepositive evidence,pos-
sibly correspondingo the backor neckof a horse.Parallel
lineswith texture on onesideandnothingon the otherside



(row 1, col 6) arealsopositively weighted,possiblyrec-
ognizinghorselegs. On the otherhand,very straightlines
(row 6, col 6) areuncommorfor horsesilhouettesEdges
embeddedn texture( row 6, col 1) arealsosuppressed.

3. Curvilinear Continuity

In this sectionwe considera more speci ¢ form of mid-
level information: curvilinear continuity, sometimeg&nown
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[22]. More recently
ecolgyical statisticsof contourshave con rmed the exis-
tenceof curvilinearcontinuity in naturalimages(e.g.,[9])
andits scale-ivariantpropertieqd24].

In computewisionthereexistsarich literatureonhow to
modelcurvilinearcontinuity (e.g., [25,23,21,33]). A typ-
ical approachconsistsof two stagesithe rst stagedetect-
ing line fragmentshasedn brightnesscontrastthe second
stagelinking the fragmentsusing various continuity mea-
sures. More recentdevelopmentsfocuson nding closed
salientcontourg6, 34,15,30].

Most of the previous approacheshowever, are demon-
stratedon syntheticor simplerealimagesandarenotquan-
titatively evaluatedon naturalimages. While we may be
ableto completelow-contrastedgesusing continuity, spu-
rious completionsare often introducedin the process. Is
the net effect positive or negative? This questioncanonly
be answeredy quantitatve measurementsTo the bestof
ourknowledge,no suchmeasurementsave beendoneona
large,diversesetof real-world images.

Our approachstartswith discretizingan imageinto a
setof piecavise linear sgmentsutilizing the constained
Delaunaytriangulation We then develop two modelsof
curvilinearcontinuity on the resultinggraph:alocal model
which classi es each pair of edgesindependentlyand a
global modelwhich enforcedong-rangeprobabilisticcon-
straintson junctionsusing belief propagtion on a condi-
tional randomeld.

3.1 Constrained Delaunay Triangulation

As with the shapemeamnodel, we usethe local Pb opera-
tor [16] to detectcandidateboundarylocations. We then
convertamapof perpixel boundaryprobabilityinto a dis-
cretegraphof line sggments.This representatiohasmary
adwantagesover usingthe pixel grid: (1) By moving from
100,000pixelsto 1000edgesit achiereshighstatisticaland
computationaéf ciency. (2) this discreterepresentationf
theimageis scale-ivariant. A probabilisticmodelof con-
tinuity on the pixel grid dependson the resolutionof the
image. (3) By restrictingcompletionsto the edgesin the
graph,it partially solvesthe problemof having too mary
spuriouscompletions Moreover, we will shav empirically

thatvery little of the true boundarystructureis lost in this
discretizatiorprocess.

Our discretizationstep startswith using Canry's hys-
teresisthresholdingto tracethe Pb contoursandthenre-
cursively split them until eachsegmentis approximately
straight. Figure3(a) shavs anillustration of this lineariza-
tion: for a given contour let  be the anglebetweenseg-
mentsca andch Pickthesetof pointsf a; b;cg, in acoarse-
to- ne searchsuchthatthe angle is maximized;if is
belov athresholdwe split the contourby addinga vertex at
c andcontinue.A heuristicis addedto handleT-junctions:
whenavertex is very closeto anothedine, we split this line
andinsertanadditionalvertex.

We usethe constainedDelaunaytriangulationto com-
pletethepiecaviselinearapproximationsThestandarde-
launaytriangulation (DT) is the dual of Voronoidiagrams
andis the uniquetriangulationof a setof verticesin the
planesuchthat no vertex is insidethe circumcircleof ary
triangle. The constrainedelaunaytriangulation(CDT) is
avariantof of theDT in which a setof userspeci ededges
mustlie in the triangulation. The CDT retainsmary nice
propertiesof DT andis widely usedin geometricmodel-
ing and nite elementanalysis. It wasalsorecentlybeen
appliedto imagesegmentatior{35].

We usethe TRIANGLE program[27] to produceCDTs
asshawn in Figure4. Thelinearizededgesextractedfrom
the Pb contoursbecomeconstrainededgesin the trian-
gulationwhich we refer to as gradientedgesor G-edges.
The remainingcompletionedgesor 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 Pb) in betweentwo
high-contrassegments(both detectecby Ph). If the low-
contrastsegmentis shortin length, chancesare goodthat
no otherverticeslie in the circumcircleandCDT will cor-
rectly completehegapby connectinghetwo high-contrast
segments.

In orderto establishgroundtruthabelsonthe CDT edge
for tting our models,we needto transferhumanmarked
boundariesrom the pixel grid. This is accomplishedyy
running a simple maximume-cardinalitybipartite matching
with a x eddistancethresholdbetweerthe humanmarked
boundariesandthe CDT edges. We labela CDT edgeas

S Ppe

Figure3: Building a discretegraph.(a) we recursvely split aline until
theangle is below athreshold.(b) anillustrationof theprocesstheinput
edgemap,thelinearization,andthe ConstrainedelaunayTriangulation.



Figure 4: Examplesof CDT triangulations. G-edges(gradientedges
detectedoy P b) arein blackand C-edges(completecby CDT) in green.
Notehow CDT manageso completegapson thefront legsof theelephant
andonthebackof thehorse.

boundaryif 75% of the pixels lying underthe edgeare
matchedo humanboundariesptherwisewe labelit asnon-
boundary

Figure 5 shaws the performanceof the local boundary
detectorP b aswell asthe performancavhenwe assigrthe
averageunderlyingP bto eachCDT edge®

Figure5 shavsthatmoving from pixelsto the CDT com-
pletion seldomgivesup ary boundariesound by thelocal
measuremenfThe greencurve documentshe soft ground-
truth labellingsof the CDT edges(percentagematchedto
humanmarked pixels). This is the target outputof the two
learningalgorithmswe describenext. Thegapbetweerthe
asymptotiaecallof P bandtheground-truthrshavs thatthe
CDT is even completinga few contourswhich are com-
pletelyillusory (i.e. therewasnolocal evidence)

3.2 A local continuity model

Eachedgee in a CDT graphis naturally associatedvith
a setof featuresincluding the averageP b of pixels along
the edgee andwhetherit is a G-edge(detectedn Pb) or
C-edge(completedby the CDT). The local contet of e
includesthesefeaturesand thoseof neighboringedgesin
the CDT graph. We now describea simple modelof local
curvilinearcontinuity usingthis local context of e.
Considerthe simplestcaseof contet: a pair of con-
nectededges( Figure6(a)). Eachedgecanbe on or off

3Throughout 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
boundariesd andtheprecisionP = P(H (x;y) = 1jPb(x; y) > t) and
recalR = P(Ph(x;y) > tjH(x;y) = 1) arerecorded(see[16] for
morediscussion).

Precision

0.25

—o- low-level pb estimate
—— pb averaged over cdt edges
groundtruth on cdt edges

0 0.25 0.5 0.75 1
Recall

Figure5: This Precision-Recalture veri®esthat moving from pixels
to the CDT completiondoesnt give up ary boundariesoundby thelocal

measuremerandis ableto pushup therecallby completingsomegapsin

the local measurement-or comparisonwe shov the performanceof the
trainingdataonthe CDT edges.

Edge e{pbl, len1, G
Edge eQpb0, len0, G

Edge e2
(pb2, len2, G:

Figure 6: (a) A simple 2-edgemodelof curvilinear continuity each
edgehasan associatedetof features.continuity is measuredy the an-
gle . (b) evidencesof continuity comefrom both endsof edgeep. The
newn2probabilityof boundary¥or e ¢ is theproductof the2-edgemodelon
bothpairs(ep; e1) and(ep; e2).

(beinga true boundaryor not), hencefour possiblelabel-
ings of this pair. However, the groundtruthcontoursin our
datasetsare almostalways closed;line endingsandjunc-
tionsarerare. Thereforewe make the simplifying assump-
tion thatthereare only two possiblelabelings: eitherboth
of themareon, or bothareoff.

Our bestlocal model usesas featuresP b, averagePb
overthepairof edgesG, anindicatorvariablewhetheroth
of the edgesare G-edges,and , the angleformedat the
connectionof the pair. We uselogistic regressionto t a
linear modelto thesefeatures. We have found that logis-
tic regressiomperformsasgoodasotherclassi ers(we also
testedsupportvectormachinesandhierarchicalmixture of
experts).It alsohastheadwantageof beingcomputationally
efcient andsimpleto interpret.

To evaluatethelocal continuitymodel,we usetheclassi-

er to assignanew “probability of boundary”valueto each
edgee. ConsidefFigure6(b): evidenceof continuitycomes
from bothendsof anedgeey, asa contouratey would have



to continuein both directions. We assumethat thesetwo

sourcesf informationareindependenandtake a product.
Let X¢ = 1if the pixels correspondingo e lie on a true
boundaryand0 otherwise.Thelogistic modelgivesanes-
timateof P(Xe, = 1;Xe, = 1), the posteriorprobability
thatthe pair of edges(ep; e;) arebothtrue. If S; andS,

arethe two setsof edgesconnectingto e, at thetwo ends
we de ne thenew boundaryoperatoP b, underthe2-edge
productmodelto be:

Ph = maxP(Xe,=1;Xe,= 1) max P(Xe,= 1;Xe,= 1)

Thequantitatve performancevaluationof Pb_ againstP b
is shavnin Sectiord4.

To evaluaterelative contribution of eachfeature we have
also t classi ersto subsetof featuresandcomparedheir
performanceTheresultson the basebalplayerdatasetre
shawvn in Figure 7. Performancds evaluatedwith both a
precision-recalturve andacross-entroplossL [10].

We obsenre that P bis the mostusefulfeaturewith L =
0:418 Angle by itself is not as useful; however, when
combinedwith Pb, helpsreducethe lossto 0:385. G by
itself is quiteinformative, as85% of the positive examples
have G = 1 ( bothedgesheingG-edges). Whenthethree
featuresarecombinedthelossis reducedo 0:374. We have
experimentedvith mary additionalfeaturesbut they areat
mostmauginally useful,hencenotincludedin the model.

We have alsoconsiderediariantssuchas:asecond-layer
classi er to combineinformationfrom the two endsof ey;
a 3-edgeclassi er which directly takesasinputthefeatures
fromtriplesof edgesandafull 4-wayclassi cationoneach
pair of edges Thesimplest2-edgeproductmodeldescribed
above performsaswell asthesevariants.

1 [

Iy
0.8

o
o

-- pbL=0.418
angle L=0.517
G L=0.476
-- pb+angle L=0.385
- pb+G L=0.399
angle+G L=0.430
— pb+angle+G L=0.374

Precision
o
'S

0.2

0 0.2 0.8 1

0.4 0.6
recall

Figure 7. Evaluating combinationsof featureswith precision-recall
curvesandcross-entrop lossL . P bis the mostpowerful featureandthe
continuity  signi®cantlyimprovesthe performance.

3.3 A global continuity model

In orderto capturdongerrangestatisticsof boundarypres-
encewe alsoconsidera global probabilisticmodelbuilt on

top of the CDT. We would like to utilize the samemeasure-
mentsasin the local-model(Pb,G, ) alongwith the fre-
gueng with which junctionsof differentdegreesappearin
orderto capturethe dependeng of edgepresencen these
featureswe useaconditionalrandomeld (CRF)modelas
rst introducedby [14].

Unlike the MRF models traditionally usedin vision
which modelthejoint distribution of imagemeasurements
andhiddenlabels,a CRFfocusdirectly on the conditional
distribution of labelsgiventhe obsenations. Onekey ad-
vantagefrom our perspectie is thatthe obsered variables
need not be conditionally independentiven the hidden
variables. This allows much greaterfreedomin choosing
modelfeatures.Conditionalrandom elds have beenpro-
posedasa methodfor imagesegmentatiorby [13,26,11],
however, the focusthereis on pixel-level labeling rather
thanmid-level tokens.

We basethe independencstructureof our hiddenvari-
ableson thetopologyof the CDT. Recallthe randomvari-
ableX ¢ whosevalueis 1 if thepixelscorrespondingo e lie
on a true boundary Let X, be the collectionof variables
for all edgeswhich intersectat a vertex v of the CDT. We
considellog-lineardistributionsoverthecollectionof edges
of theform

P : P .
g o (Xeili)+ v (Xvil;) g

Z(1;)

The potentialfunction capturesthe extent to which the
imageevidencel supportghepresencefaboundaryunder
edgee. describeghe continuity conditionsat a junction
betweercontoursegments.

Our edgepotentialis givenby

(Xejl; ) =

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

PXXjl;) =

PbeXe

(Xvijls) = iij lfdegg=i;deg0=jg
iij
+ 1f deggy + deg =2 gf ( )

wheredeg, is thenumberof G-edgesatvertex V for which
Xe = landsimilarly deg, is thenumberof C-edgeswhich
areturnedon. Whenthe total degree of a vertex is 2,
weightsthe continuity of the two edges. f is a function
which is smoothandsymmetricaround = 0 andfalls of
as ! . If theanglebetweenthetwo edgess closeto O,
they form a goodcontinuationand 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,the derivative with respecto the continuation



parameter for a singletrainingimage/groundruth label-
ing, (1;X) is:

;P (Xejl;) P (Xvijli) g
e e]l )+ vV Vv ’
—@Iog ©
@ « Z(In;)
@ @
= @f 1fdegg+degcz29f( )9 @mgz(ln;)
X
= 1fdegg+degC:29f()
Vi +
X

1t degy +deg =2 gf ( )
\ P(Xjl;)

The rst termis theobsenedsumof f ( ) ondegree2 ver
tices while the secondterm is the expectationunderthe
model given our currentsettingof the parameters.When
the model expectationsnatchthoseobsered in the train-
ing data,we have foundthe maximumlik elihoodsettingof
the parameterslntil we reachthat point, we take a small
stepin thegradientdirection.Parametersypically corverge
afterafew hundredsteps.

Unfortunately computingthe expectationsof our fea-
tureswith respecto modelparameterss intractable. Un-
likethesequencenodelingtaskswhereconditionalrandom
elds were rst investicatedour graphis nottreestructured,
it containgmary triangles(amongotherloops).We approx-
imatethe edgeandvertex degreeexpectationausingloopy
belief propagtion[31]. For the graphsin question belief
propa@tionappearso corvergequickly to areasonablso-
lution.

We nd that the parameterdearnedfrom groundtruth
boundarydatamatchour intuition well. For example,the
weight 1.0 is muchsmallerthan ».o, indicatingthatline
endingsare lesscommonthan continuationandre ecting
the prevalenceof closedcontours For degree2 verticeswe

nd 20> 11> o2, indicatingthatcontinuationalong
G-edgess preferablgo invoking C-edges.

Oncethe modelhasbeentrained,we usebelief propa-
gation to estimatethe mamginal distributionsf X .g on the
edgesf the CDT andthenprojectthesedown to the pixel
grid, yielding P bg whichis comparedgainstthe othertwo
models.

4. Results: How useful are Mid-level
Cues?

We have describedhreedifferentalgorithms,eachwhich
outputsa new estimateof the boundaryprobability at each
pixel: Pbs, the outputof the classi er with shapemee-
sponseasfeaturesPb_, thelocal modelon the CDT and
P s, the globalrandom eld model. In orderto evaluate
thesewe usethreehuman-sgmentediatasetsthebaseball
playerdatasesplit into 15 for training and 15 for testing,

thehorsedatasesplitinto 170trainingand170testimages,
andthe Berkeley SegmentationDatasef5] (BSDS)which
contains200trainingimagesand100testimagesof various
naturalscenesPerformancen thesedatasetss quanti ed
usingtheprecision-recalframavork asin [16].

Thesequantitatve comparisonglearly demonstratéhat
mid-level informationis usefulin a genericsetting. The
useof shapemegor local contet improves boundaryde-
tection, especiallyin the low-recall/high-precisiorrange.
Both modelsof curvilinear continuity outperformPb and
the shapememodel. The global model, which is able to
combinelocal evidenceof continuityandglobalconstraints
such as closure, performs the best. The improvement
is most noticeablein the low-recall/high-precisiorrange
which correspondso the caseof boostingthe mostpromi-
nentboundariesand suppressindpackgroundcoise. These
boundariesretypically smooth;thuscontinuity helpssup-
pressfalsepositivesin the backgroundThisis alsoevident
in theexamplesshavn in Figure9.

We also obsenre that the bene t of continuity on the
baseballplayer and horsedatasets muchlarger thanthat
on the BSDS dataset. As we may tell from the precision
ratesof P b, thisbasebalbndhorsedatasetsireharder This
isin partbecaus¢hegroundtrutifor thesedatasetsonly in-
cludesthe boundaryof the prominentforegroundobject.In
all casestheremainingsemantiggapmaybestbe closedby
detectingobjectsin the sceneusingthe mid-level boundary
map andthen“cleaningup” the boundariesn a top-dovn
fashion.In thecaseof theBSDS, thiswill requirethedevel-
opmentof systemsvhich canrecognizeéhousandsf differ-
entobjectcatagories.

5. Conclusion

We have describedmid-level processingvhich have a ver-
i ably favorableimpacton the problemof boundarydetec-
tion.

Clusteringlocal boundaryshapeis a e xible technique
for incorporatingintermediatecontet such as continuity
and contrastnormalizationas well asfamiliar con gura-
tions. The local model of curvilinear continuity, though
quite simple, yields a signi cant performancegain. The
global model, by making long-rangeinferenceover local
continuity constraints,is the most successfuin 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
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Figure8: Pixel-basedrecision-recalbvaluationscomparingP bs; Pb. andP bg to P b. All threetechniquesmprove boundarydetectionon all three

datasetandthe overall orderingof the curvesis generallypreseredacrossdatasets.

variety of naturalimages.We hopethesemodelswill nd [17]
immediateapplicationgn objectrecognition.
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