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Abstract

While mid-level perceptualcueshavelong beenof inter-
est in the humanvision community, their role in computer
visionhasremainedlimited. In thisreport,weevaluatesev-
eral algorithmswhich make useof mid-level processingin
order to improve boundarydetection. Our �r st technique
builds a probabilisticmodelof the relationbetweenproto-
typical local shapesof edgesand the presenceor absence
of a boundary. We alsopresenta more explicit local model
of curvilinearcontinuityusingpiecewiselinear representa-
tionsof contoursandtheConstrainedDelaunayTriangula-
tion (CDT).Lastlyweconsidera globalrandom�eld onthe
whole CDT which captures continuity along with the fre-
quencyof different of junction types. All threemodelsare
trained on humanlabeledgroundtruth. We measure how
each model,by incorporating mid-level structure, improves
boundarydetection.To our knowledge, this is the�r st time
that such cueshavebeenshownquantitativelyusefulfor a
large setof natural images. Betterboundarydetectionhas
immediateapplicationin theproblemof objectrecognition.

1. Intr oduction
Findingtheboundariesof objectsandregionsin a sceneis
a problemof fundamentalimportancefor computervision.
Thereis a largebodyof work on objectrecognitionwhich
reliesonbottom-upboundarydetectionto provide informa-
tion aboutobjectshape [4, 12,8,1,7,28]. Even in cases
wheresimpleintensityfeaturesaresuf�cient for objectde-
tection,e.g.faces,it is still desirableto incorporatebottom-
up boundarydetectionin order to provide preciseobject
segmentation [3, 36,29]. The availability of high quality
boundarylocationestimateswill ultimatelygovernwhether
thesealgorithmsaresuccessfulin real-world sceneswhere
clutterandtextureabound.

Boundariesaretypically detectedusingsomelocaloper-
ator. For example,therecentwork by [16] trainsaclassi�er
thatpredictstheprobability of boundary, Pb, at eachpixel
locationusing local brightness,texture andcolor gradient
cuesasfeatures.Trainingdatacomesfrom a setof images
where boundarieshave beenmarked by humansubjects.
This elaboratealgorithmstill missesmany trueboundaries
andfalselydetectsothersnot markedby humans.Theau-
thorsarguethatdetectionfailuresareprimarily dueto lack
of context sincehumanobserverspresentedwith only local
imagepatchesperformnobetterthanthealgorithm[18]. In
this paper, we proposethe useof mid-level cuesin order
to provide missingcontext andhenceboostperformanceof
sucha localboundarydetector.

In thehumanvisioncommunitytherehasbeenextensive
researchstressingthe importanceof mid-level cuesto vi-
sualprocessing.However, theseideas,suchasgoodcontin-
uation,symmetry, parallelismandfamiliar con�gurations,
seemto have had little practical impact on the designof

computervision algorithms. One reasonis that it' s often
hard to quantify whensuchmechanismsareactuallyper-
forming somefunction that will ultimately be useful for
recognition. We circumvent this issueby treatingthe out-
put of mid-level processingasanotherboundarymap,pro-
jecting back to the pixel grid as necessary. This gives a
clearcriterionfor success,theoutputshouldbeabetteresti-
mateof thetrueboundariesthantheinputwas.Quantitative
evaluationis madepossibleby utilizing threeexisting im-
agecollectionswhich have beenlabeledwith ground-truth
boundaries:asetof 30newsphotosof baseballplayers[20],
350imagesof horses[3] andtheBSDS300[5], a boundary
detectionbenchmarkbasedon imagesof naturalscenes.

We presentthreemodelsof mid-level processingwhich
take locally computedPb 1 as input and provide quan-
ti�ably superioroutput. First, in Section2 we describe
a genericapproachusingclusteringto modelprototypical
boundaryshapesin thevicinity of a pixel. This cancapture
suchcuesascontinuity, parallelismandfamiliar con�gura-
tion. In Section3 we focusmoreexplicitly on curvilinear
continuity, a speci�c but powerful mid-level cuecloselyre-
latedto boundarydetection.Wedevelopbothasimplelocal
model which makes decisionson pairs of edgesegments
usinga linear classi�er anda global modelbasedon con-
ditional random�elds which jointly estimatesprobabilities
for all edgesegments. Lastly, the performanceevaluation
of the3 modelson3 datasetsis presentedin Section4.

1 2 3 4

(a) theoutlookof a localboundarydetector, 21x21 pixel patches

(b) context emergesin 71x71 patches

Figure1: Purelylocalboundarydetectioncaneasilybefooled.Utilizing

morecontext couldgreatlyimproveboundarydetection.

2. Familiar Con�guration
Considerthe imagepatchesin Figure 1(a). The task of
a local boundarydetectoris to decidewhetherthere is a
boundaryrunningthroughthecenterof thepatchbasedon
thepatternof intensitiesin a smallneighborhood.Unfortu-
nately, strictly local processing,no matterhow clever, can

1ComputedusingMATLAB codedownloadedfrom here[5]
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befooled.For example,3 and4 have higherbrightnessand
texture contrastthan 1 and 2 but in examining the larger
context seenin Figure1(b), it becomesevident that there
arecontoursin patches1 and2, but not in patches3 and4.

Exploiting context algorithmicallyis clearly not simply
a matterof elongating the supportof our gradientmagni-
tude calculations.2 The structurehereis much richer. In
patch1, thehighcontrastedgesoneitherside,althoughnot
colinear, necessitatethepresenceof aboundarysomewhere
in the middle. Patch2 featuresparallelismin addition to
continuity. Patch3 containsan isolatededgethat fails to
continueinto a boundarywhile patch4 lies in a textured
region,surroundedby highcontrastedges.

In order to capturethesediversepatterns,we will seek
out prototypicalshapecon�gurations,or shapemes, asso-
ciated with both boundaryand non-boundarypoints and
learnhow bestto utilize themfrom “pastexperience”,i.e.,
by training a statistical model basedon human-marked
groundtruthdata.This is in thespirit of Wertheimer's prin-
cipleof familiar con�guration [32].

2.1 A Prototypical ShapeModel

To discover prototypicalshapes,we have to choosea shape
descriptorand a schemefor clusteringthesedescriptors.
We choosethegeometricblur [2] descriptoralignedto lo-
cal boundaryorientationand cluster using a mixture-of-
gaussianmodelwith symmetryconstraintson the param-
eters.Shapemeshavebeenusedin previouswork onobject
recognitionby [19] who performedvectorquantizationon
shapecontext descriptorsto build analphabetof localshape
prototypesandcodedimagesby their frequencies.

Let I be an input imageand I pb be its Pb (probabil-
ity of boundary[16]) image,which associatesa probabil-
ity of boundaryto eachpixel. Thegeometricblur centered
at locationx, GB x (y), is a linear operatorappliedto I pb

whosevalueis anotherimagegivenby the“convolution” of
I pb with a spatiallyvarying Gaussian.GB x hasthe prop-
erty thatpointsfartheraway from x aremoreblurred,mak-
ing the descriptorrobust to af�ne distortions. The value
GBx (y) is the inner productof I pb with a Gaussiancen-
teredat y whosestandarddeviation is � jy � xj. We rotate
theblurredimageGB x sothatthelocally estimatedcontour
orientationat x is alwayshorizontal. We choose� = 0:5
andsampletheblurredandrotatedimageGB x at 4 differ-
entradii (increasingby a factorof

p
2) and12 orientations,

to obtaina featurevectorof length48.
We usethe mixture-of-gaussianmodel to representthe

distribution of shapesin this 48-dimensionalfeaturespace.
Sincethegeometricblur descriptoris alignedto thecontour
tangent,thereis a 180 degreeorientationambiguity. We
explicitly enforcethissymmetryby using2m mixturecom-
ponentsin m pairshaving tied means(beingrotatedcopies

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

of oneanother)andequal,diagonalcovariances.For our
experimentsweusem = 64and�t themodelusinganeasy
adaptationof thetypicalEM algorithm.

Figure2 providesa visualizationof somemixturecom-
ponentsfor thehorsedataset.ThesearetheaveragePbim-
agesof thecomponentsin themixturethathave thehighest
priorprobability(ignoringclusterswith veryfew members).
Theseaverageshapes,albeitblurry, dorepresentinteresting
prototypicallocal shapes,or “shapemes”:roughly speak-
ing, they containstraightlines( row 6, col 6 ), curvedlines
( row 1, col 2 ), line endings( row 6, col 3 ), parallellines(
row 3, col 3 ), sharpcorners( row 4, col 1 ), textureedges(
row 6, col 1 ), etc. Takentogetherthey provide a represen-
tationof thelocal context.

Figure2: Examplesof shapemes, or prototypicalshapecon®gurations,

for thehorsedataset.Shown areaverageP bpatchesfor eachclusterin the

mixture-of-gaussian.

Weapplythiscontextual informationto boundarydetec-
tion asfollows: eachlocationx is associatedwith boththe
Pb valueand the shapedescriptorGB (x). We cancom-
pute the posteriorprobability f p1; � � � ; pm g of GB (x) in
themixture-of-gaussianmodel.This givesusa new feature
vector for x: f log(Pb); log(p1); � � � ; log(pm )g. Thenwe
canusethis setof featuresto classifywhetherx is bound-
aryor not.

We train a logistic classi�er on this vectorof features.
Section4 givesthequantitativecomparisonto raw Pb. The
shapemesshown in Figure2 aresortedby their weightsin
thelogistic classi�er, decreasingin orderfrom left to right,
topto bottom.As wearedetectingboundariesof horses,ex-
tendedcontours( row 1, col 2 ) arepositive evidence,pos-
sibly correspondingto thebackor neckof a horse.Parallel
lineswith textureon onesideandnothingon theotherside
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( row 1, col 6 ) arealsopositively weighted,possiblyrec-
ognizinghorselegs. On theotherhand,very straightlines
( row 6, col 6 ) areuncommonfor horsesilhouettes.Edges
embeddedin texture( row 6, col 1 ) arealsosuppressed.

3. Curvilinear Continuity
In this sectionwe considera more speci�c form of mid-
level information:curvilinearcontinuity, sometimesknown
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[22]. Morerecently,
ecological statisticsof contourshave con�rmed the exis-
tenceof curvilinearcontinuity in naturalimages(e.g.,[9])
andits scale-invariantproperties[24].

In computervisionthereexistsarich literatureonhow to
modelcurvilinearcontinuity(e.g., [25,23,21,33]). A typ-
ical approachconsistsof two stages:the �rst stagedetect-
ing line fragmentsbasedon brightnesscontrast,thesecond
stagelinking the fragmentsusingvariouscontinuity mea-
sures. More recentdevelopmentsfocuson �nding closed
salientcontours[6,34,15,30].

Most of the previous approaches,however, aredemon-
stratedonsyntheticor simplerealimagesandarenotquan-
titatively evaluatedon natural images. While we may be
ableto completelow-contrastedgesusingcontinuity, spu-
rious completionsare often introducedin the process. Is
theneteffect positive or negative? This questioncanonly
beansweredby quantitative measurements.To thebestof
ourknowledge,nosuchmeasurementshavebeendoneona
large,diversesetof real-world images.

Our approachstartswith discretizingan image into a
set of piecewise linear segmentsutilizing the constrained
Delaunaytriangulation. We then develop two modelsof
curvilinearcontinuityon theresultinggraph:a local model
which classi�es eachpair of edgesindependentlyand a
globalmodelwhich enforceslong-rangeprobabilisticcon-
straintson junctionsusing belief propagation on a condi-
tional random�eld .

3.1 ConstrainedDelaunayTriangulation

As with the shapememodel, we usethe local Pb opera-
tor [16] to detectcandidateboundarylocations. We then
convert a mapof per-pixel boundaryprobability into a dis-
cretegraphof line segments.This representationhasmany
advantagesover usingthe pixel grid: (1) By moving from
100,000pixelsto 1000edges,it achieveshighstatisticaland
computationalef�ciency. (2) this discreterepresentationof
the imageis scale-invariant. A probabilisticmodelof con-
tinuity on the pixel grid dependson the resolutionof the
image. (3) By restrictingcompletionsto the edgesin the
graph,it partially solves the problemof having too many
spuriouscompletions.Moreover, we will show empirically

that very little of the trueboundarystructureis lost in this
discretizationprocess.

Our discretizationstepstartswith using Canny's hys-
teresisthresholdingto tracethe Pb contoursand then re-
cursively split them until eachsegment is approximately
straight.Figure3(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 athreshold,wesplit thecontourby addingavertex at
c andcontinue.A heuristicis addedto handleT-junctions:
whenavertex is verycloseto anotherline, wesplit this line
andinsertanadditionalvertex.

We usetheconstrainedDelaunaytriangulationto com-
pletethepiecewiselinearapproximations.ThestandardDe-
launaytriangulation (DT) is thedualof Voronoidiagrams
and is the uniquetriangulationof a set of verticesin the
planesuchthat no vertex is insidethe circumcircleof any
triangle. TheconstrainedDelaunaytriangulation(CDT) is
avariantof of theDT in whichasetof user-speci�ededges
must lie in the triangulation. The CDT retainsmany nice
propertiesof DT and is widely usedin geometricmodel-
ing and �nite elementanalysis. It wasalso recentlybeen
appliedto imagesegmentation[35].

We usetheTRIANGLE program[27] to produceCDTs
asshown in Figure4. The linearizededgesextractedfrom
the Pb contoursbecomeconstrainededgesin the trian-
gulationwhich we refer to as gradientedgesor G-edges.
The remainingcompletionedgesor 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 short in length,chancesaregoodthat
no otherverticeslie in thecircumcircleandCDT will cor-
rectlycompletethegapby connectingthetwo high-contrast
segments.

In orderto establishgroundtruthlabelson theCDT edge
for �tting our models,we needto transferhumanmarked
boundariesfrom the pixel grid. This is accomplishedby
runninga simplemaximum-cardinalitybipartitematching
with a �x eddistancethresholdbetweenthehumanmarked
boundariesandthe CDT edges.We label a CDT edgeas

a b
q

c

(a) (b)

Figure3: Building a discretegraph.(a) we recursively split a line until
theangle� is below athreshold.(b) anillustrationof theprocess:theinput
edgemap,thelinearization,andtheConstrainedDelaunayTriangulation.
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Figure4: Examplesof CDT triangulations. G-edges(gradientedges

detectedby P b) arein blackandC-edges(completedby CDT) in green.

Notehow CDT managesto completegapsonthefront legsof theelephant

andon thebackof thehorse.

boundaryif 75% of the pixels lying under the edgeare
matchedto humanboundaries;otherwisewelabelit asnon-
boundary.

Figure5 shows the performanceof the local boundary
detectorPbaswell astheperformancewhenwe assignthe
averageunderlyingPbto eachCDT edge.3

Figure5 showsthatmoving 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
learningalgorithmswe describenext. Thegapbetweenthe
asymptoticrecallof Pbandtheground-truthshows thatthe
CDT is even completinga few contourswhich are com-
pletelyillusory (i.e. therewasno localevidence)

3.2 A local continuity model

Eachedgee in a CDT graphis naturally associatedwith
a setof featuresincluding the averagePb of pixels along
the edgee andwhetherit is a G-edge(detectedin Pb) or
C-edge(completedby the CDT). The local context of e
includesthesefeaturesand thoseof neighboringedgesin
theCDT graph. We now describea simplemodelof local
curvilinearcontinuityusingthis local context of e.

Considerthe simplestcaseof context: a pair of con-
nectededges( Figure6(a) ). Eachedgecanbe on or off

3Throughout 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[16] for
morediscussion).
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pb averaged over cdt edges
groundtruth on cdt edges

Figure5: This Precision-Recallcurve veri®esthatmoving from pixels

to theCDT completiondoesn't give up any boundariesfoundby thelocal

measurementandis ableto pushup therecallby completingsomegapsin

the local measurement.For comparison,we show theperformanceof the

trainingdataon theCDT edges.

Edge e1
Edge e0(pb0, len0, G0)

q

(pb1, len1, G1)

Edge e2

(pb0, len0, G0)
Edge e0

(pb1, len1, G1)
Edge e1

q1

q2

(pb2, len2, G2)

Figure 6: (a) A simple 2-edgemodel of curvilinearcontinuity. each

edgehasan associatedsetof features.continuity is measuredby the an-

gle � . (b) evidencesof continuitycomefrom bothendsof edgee0 . The

newªprobabilityof boundaryºfor e 0 is theproductof the2-edgemodelon

bothpairs(e0 ; e1 ) and(e0 ; e2 ).

(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 regressionperformsasgoodasotherclassi�ers(wealso
testedsupportvectormachinesandhierarchicalmixtureof
experts).It alsohastheadvantageof beingcomputationally
ef�cient andsimpleto interpret.

To evaluatethelocalcontinuitymodel,weusetheclassi-
�er to assignanew “probability of boundary”valueto each
edgee. ConsiderFigure6(b): evidenceof continuitycomes
from bothendsof anedgee0, asacontourate0 wouldhave
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to continuein both directions. We assumethat thesetwo
sourcesof informationareindependentandtake a product.
Let X e = 1 if the pixels correspondingto 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 evaluaterelativecontributionof eachfeature,wehave
also�t classi�ersto subsetsof featuresandcomparedtheir
performance.Theresultson thebaseballplayerdatasetare
shown in Figure7. Performanceis evaluatedwith both a
precision-recallcurve andacross-entropy lossL [10].

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
featuresarecombined,thelossis reducedto0:374. Wehave
experimentedwith many additionalfeaturesbut they areat
mostmarginally useful,hencenot includedin themodel.

Wehavealsoconsideredvariantssuchas:asecond-layer
classi�er to combineinformationfrom the two endsof e0;
a3-edgeclassi�er whichdirectly takesasinput thefeatures
from triplesof edges;andafull 4-wayclassi�cationoneach
pairof edges.Thesimplest2-edgeproductmodeldescribed
above performsaswell asthesevariants.
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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

Figure 7: Evaluating combinationsof featureswith precision-recall

curvesandcross-entropy lossL . P b is themostpowerful featureandthe

continuity� signi®cantlyimprovestheperformance.

3.3 A global continuity model

In orderto capturelongerrangestatisticsof boundarypres-
encewe alsoconsidera globalprobabilisticmodelbuilt on

topof theCDT. Wewould like to utilize thesamemeasure-
mentsas in the local-model(Pb,G,� ) along with the fre-
quency with which junctionsof differentdegreesappear. In
orderto capturethedependency of edgepresenceon these
features,weuseaconditionalrandom�eld (CRF)modelas
�rst introducedby [14].

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
variables. This allows muchgreaterfreedomin choosing
modelfeatures.Conditionalrandom�elds have beenpro-
posedasa methodfor imagesegmentationby [13,26,11],
however, the focus there is on pixel-level labeling rather
thanmid-level tokens.

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 the CDT. 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.

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
are turnedon. When the total degreeof a vertex is 2, 

weightsthe continuity of the two edges. f is a function
which is smoothandsymmetricaround� = 0 andfalls of
as� ! � . If theanglebetweenthetwo edgesis closeto 0,
they form a goodcontinuationand
 f (� ) is largeandthey
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
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parameter
 for a singletraining image/groundtruth label-
ing, (I ; X ) is:

@
@


log
�

ef
P

e � (X e j I ;�)+
P

V  (X V j I ;�) g

Z (I n ; �)

�

=
X

V

@
@


f 
 1f degg + degc =2 gf (� )g �
@

@

logZ (I n ; �)

=
X

V

1f degg + degc =2 gf (� )

�

*
X

V

1f degg +deg c =2 gf (� )

+

P (X j I ;�)

The�rst termis theobservedsumof f (� ) on degree2 ver-
tices while the secondterm is the expectationunder the
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 hundredsteps.

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 [31]. For the graphsin question,belief
propagationappearsto convergequickly to areasonableso-
lution.

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, yieldingPbG which is comparedagainsttheothertwo
models.

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

We have describedthreedifferentalgorithms,eachwhich
outputsa new estimateof theboundaryprobabilityat each
pixel: PbS , the output of the classi�er with shapemere-
sponsesasfeatures,PbL , the local modelon theCDT and
PbG , the global random�eld model. In order to evaluate
these,weusethreehuman-segmenteddatasets:thebaseball
playerdatasetsplit into 15 for training and15 for testing,

thehorsedatasetsplit into 170trainingand170testimages,
andthe Berkeley SegmentationDataset[5] (BSDS)which
contains200trainingimagesand100testimagesof various
naturalscenes.Performanceon thesedatasetsis quanti�ed
usingtheprecision-recallframework asin [16].

Thesequantitative comparisonsclearlydemonstratethat
mid-level information is useful in a genericsetting. The
useof shapemesfor local context improvesboundaryde-
tection, especiallyin the low-recall/high-precisionrange.
Both modelsof curvilinearcontinuity outperformPb and
the shapememodel. The global model, which is able to
combinelocalevidenceof continuityandglobalconstraints
such as closure, performs the best. The improvement
is most noticeablein the low-recall/high-precisionrange
which correspondsto thecaseof boostingthemostpromi-
nentboundariesandsuppressingbackgroundnoise. These
boundariesaretypically smooth;thuscontinuityhelpssup-
pressfalsepositivesin thebackground.This is alsoevident
in theexamplesshown in Figure9.

We also observe that the bene�t of continuity on the
baseballplayerandhorsedatasetis much larger than that
on the BSDSdataset.As we may tell from the precision
ratesof Pb, thisbaseballandhorsedatasetsareharder. This
is in partbecausethegroundtruthfor thesedatasetsonly in-
cludestheboundaryof theprominentforegroundobject.In
all cases,theremainingsemanticgapmaybestbeclosedby
detectingobjectsin thesceneusingthemid-level boundary
mapandthen“cleaningup” the boundariesin a top-down
fashion.In thecaseof theBSDS,thiswill requirethedevel-
opmentof systemswhichcanrecognizethousandsof differ-
entobjectcategories.

5. Conclusion
We have describedmid-level processingwhich have a ver-
i�ably favorableimpacton theproblemof boundarydetec-
tion.

Clusteringlocal boundaryshapeis a �e xible technique
for incorporatingintermediatecontext suchas continuity
and contrastnormalizationas well as familiar 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 successfulin 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
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Figure8: Pixel-basedprecision-recallevaluationscomparingP bS ; P bL andP bG to P b. All threetechniquesimprove boundarydetectionon all three

datasetsandtheoverall orderingof thecurvesis generallypreservedacrossdatasets.

variety of naturalimages.We hopethesemodelswill �nd
immediateapplicationsin objectrecognition.
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