
-- Submitted Nov. 2003 -- .

Learning Edge Detection

Paper938

Abstract
Edge detectionis consideredoneof the fundamentallow-
level vision tasks. As a consequence, numerousattempts
havebeenmadeto de�ne mathematicallywhat edgesare
andhowto locatethemin an image. However, mostde�ni-
tionsarehandcrafted,usuallylackinga probabilisticinter-
pretation. Probabilistic modelshavealso beenproposed,
but they do not allow to propagatetheevidenceacrossthe
image. This paper employsa data-drivenapproach and
proposesa wayto build a de�nition of edgesbasedalmost
entirelyonexampleimageslabeledbyhumansubjects.We
usea Bayesianapproach to modeledges,couplingthe in-
ferenceof edgesusinga factor graph. This allows us to
provide a probabilistic interpretation to edges and view
the edge detectionproblemas oneof probabilistic infer-
ence. We formally de�ne a modelof edgesand thende-
scribea computationallyef�cient, probabilistic inference
and learningalgorithmsfor learningan edge modelfrom
dataand,givena novel image, for detectingedgesaccord-
ing to thelearnedmodel.Unlike otherlearning-basedap-
proaches,our modelcanlearn higherorder edge interac-
tions,insteadof just local de�nitions of edges;thusallow-
ing to propagateedge evidenceacrosstheimage. Our ap-
proach is demonstratedandevaluatedusingbothsynthetic
andreal images,showingpromisingresults.

1 Intr oduction and RelatedWork
Edgedetectionis consideredoneof the fundamentallow-
level vision tasks. One reasonfor this is that edgesare
thoughtto provide a primitive but rich descriptionof im-
ages,useful for commonhigher-level tasks[9, 4, 12, 2];
functioningasbasicelementsfor encodingnaturalscenes
[2]. Empirically, thismakesusthink thatthelossytransfor-
mationthatconvertsanimageinto its edgemapis goodat
preservingtheimageinformationaboutourworld. Froma
computationalperspective,this is usefulsincemany fewer
bits aregenerallyneededto encodeimageedges;a prop-
erty thatalsohaspotentialbene�ts in algorithmcomplex-
ity.

In spiteof this,edgedetectionseemslargely ill-de�ned.
The earliest(and most traditional) approachesrelate the
de�nition of edgeswith pixel intensity discontinuities
within theimage(e.g.,[3, 12]). Computationally, thesedis-
continuitiesareusually found by detection�lters (differ-
ential operatorson the image),suchas the magnitudeof
thegradient,theLaplacian,andmany others,appliedat a
givenscaleandthresholds,generallychosentosuitparticu-
lar edgeneeds.A moretask-orientedapproachis to de�ne
edgesas object boundaries[14] or depthdiscontinuities.
However, �nding objectboundariesis anopenproblemin
computervision,and�nding depthdiscontinuitiesrequires
of morethanoneimageor camera.Sincewebelieveedges
aredifferententitiesdependingonwhatwe wantthemfor,
thestandpointtakenin this paperis to settlethedebateby
building a probabilisticde�nition basedon collectionsof
edgeexamples(e.g.,goodfor a speci�c task). Fig. 1 illus-
tratesthedif�culty of de�ning edges(for thecaseof object
boundaries).When asked to breakan imageinto distin-

Figure 1: Exampleoriginal imageand threedifferent human
labeledboundariesfrom [14]. Edges,asobjectboundaries,are
notuniquelyde®ned.
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Figure2: Simpleillustrationof differentpotentialedgedetection
approaches:(a) a smallportionof animageandedgesfoundby:
(b) Canny edgedetectorfor a particularsetof parameters,(c) a
more robust learningbasededgedetectionbasedon local ®lter
responses,(d-e)moregloballyconsistentlearningmodelstrained
to detect(d) long-extent edgesand (e) shorter-extent edges,(f)
one(of many) humanlabeledimagesfor thisexample[14]. Full-
sizeoriginal andparticularhumanlabeledimagesareshown in
(g-h)with a squareindicatingtheimageportionused.

guishedthings, humansubjectshave a differentde�nition
of things(see[14] for moredetail in this task).

Therehave beenseveral learning-basedapproachesto
edgeandboundarydetection.Weweremotivatedby these,
specially[10, 13]. Thebasicideaof learningadistribution
of �lter responsesfor aparticular'on'-'of f ' pixel eventwas
originally undertakenby [8], wheretheeventwaspixel is
'on road' or 'of f road' in aerialimages.More recently, in
[10] histogramsof joint distributions of several �lter re-
sponseswereusedfor this. In both approaches,the log-
likelihoodratio wasusedasa measureof edgestrengthat
the particularpixel. A drawback of theseapproachesis
that this measureis, in practice,very local and can lead
to globally inconsistentedges.In [13] these�lter response
distributionswereusedasinputto machinelearningclassi-
�ers suchasmixture of experts,supportvectormachines,
logistic regression,etc. Still, classi�cation wasbasedon
local �lter responses.Onenaive solutionis simply to use
largerandlarger �lter responses,causingthemodelcom-
plexity to grow exponentially. Global modelshave been
attempted,for example,to detectobjectspeci�c contours
(e.g.,[20]) with the expectedincreasein analyticalor nu-
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mericalcomplexity andtheneedfor sampling(of course,
certainglobal but simple modelscan be dealt with ana-
lytically). It is expectedthat object speci�c methodsdo
not scalewell to a generaledgedetectionsetting. As in
[10, 13], we will learnde�nitions that arenot objectde-
pendent.Unlike local �lter responseapproaches,we will
learnmore globally consistentedgede�nitions explicitly
from data.Fig. 2 very brie�y illustratesthat it maybead-
vantageousto modelmoreglobaledgeconsistency.

Employing probabilisticnon-localmodelsof edgesand
�lter responsesis adif�cult taskbecausethecomplexity of
inference,the taskof �nding a distribution over edgeim-
ages,scalesexponentially(roughlyon theorderof condi-
tional dependenciesmodeled).In orderto circumventthis
problem,an interestingapproachwas taken in [8] where
pixels werechosengreedily to be incorporatedin the so-
lution by minimizing the informationlost aboutroad/non-
roadevents. Otheredgegroupingapproaches,arenot so
well-motivated,sincethegroupingalgorithmis notexplic-
itly modelingthe regularitiesin the training data. In the
separatetaskof segmentation,globally consistentmodels
have beenproposed;for examplee.g.,[16], basedon spec-
tral clustering,but theseapproachesare constrainedpri-
marily to �nd imageregions,not edges.In this paper, we
proposeanapproachfor learningaconsistent,moreglobal
de�nition of edgesbasedalmostentirelyon trainingdata,
andusingthemfor inferringconsistentedgeimages.

We usea Bayesianapproachto modeledgesemploying
theframework of factorgraphs.This allows usto provide
a probabilisticinterpretationto edgesand view the edge
detectionproblemas one of probabilistic inference. We
formally de�ne amodelof edgesandthendescribeacom-
putationallyef�cient, probabilisticinferenceandlearning
algorithmsfor building anedgemodelfromdataand,given
a novel image,detectingedgesaccordingto the learned
model.Unlikeotherlearning-basedapproaches,ourmodel
explicitly learnslarge rangeedgeinteractions,insteadof
just local local �lter responses;thusproviding moreglob-
ally consistency.

2 Learning fr om UserSegmentations
We areinterestedin building a probabilisticmodelthatre-
latesworld intensityimageswith correspondingedges.Let
I = I (k) : 
 ! < , with 
 = f (i; j )ji 2 f 1:::M g; j 2
f 1:::N gg, denotea M � N image(the input or observed
image) from which we would like to �nd edgesand let
X 2 f 0; 1gM N denotea randomvariable representing
its unknown edges. We will employ imagedescriptions
basedon (deterministic)transformations� ( l ) : < M � N !
< M � N of theoriginal image,with l = f 1:::Lg andde�ne
Y ( l ) = � ( l ) (I ); for example,motivatedby Canny edgede-
tection[3], � ( l ) (I ) could be the (per pixel) magnitudeof
the convolution operationof I and the secondderivative
of a Gaussianfunction; thusproducingan imageY (� ( l )

is intendedto providea moreconvenientrepresentationof
I ). The imageY ( l ) thuscomputedwill beconsideredthe
actualobservation(or actualinput imagethatwewill work
with). To make thinssimple,for now we will assumeonly
onesuchtransformation,� , andde�ne Y = � (I ).

Since we will be representingimages in terms of
patches,it is opportuneto de�ne severalpatchbasedcon-
cepts.A patchis apixel setp � 
 of sizejP j (in thispaper
wesimplyassumesquarepatchesof dimensionsM p � Np).

Thusyp is a patchfrom Y composedby orderedpixelsin
p. Also yp(k) will denotethe patchwhich is centeredat
pixel k 2 
 (similarly for X ). Sincea pixel is a special
caseof a patch,we will employ theletterk assubindex to
denotea pixel andp or q to denotepatches(i.e.,morethan
onepixel).

2.1 Filter Responsesand Edge-Pixels
At the�nest scalein our model,we relatea patchof �lter
responsesandsingleedge(or non-edge)pixels.De�ne the
randomvariablezk 2 f 0; 1g to representtheexistence(1)
or not(0)of anedgepixelatlocationk in imageZ (Z is not
the�nal edgeimagewe intendto �nd, but anintermediate
randomvariable). A �lter responsepatchy p(k) (centered
atk) followsamixtureNormaldistributionconditionedon
zk :

p(yp(k) jzk ) =
X

i

� i N (yp(k) ; ' i;z k ; � i;z k ); (1)

with � i = P(a = � i ), thus
P

i � i = 1. A factorgraph
for theseconditionaldependenciesis shown in Fig.3(a)for
two �lter responseimages.For example,for zk = 1, this
intuitively statesthatedgestendto occuratparticular�lter
patterns(centeredat pixel k), which is a reasonablestate-
ment(sincethis is theunderlyingphilosophyof mostedge
detectionmethods,e.g.,edgesoccuratareasof zeroderiva-
tive crossings).For non-edges,zk = 0, we usethe same
distribution form. We expectthat thevarianceparameters
will de�ne broaderNormaldistributions.

2.1.1 Learning Filter ResponseDistrib utions

For a particular�lter � , we will estimateall of the distri-
bution parametersusingMaximum Likelihood(ML) esti-
mationgiven a datasetof imagesandtheir corresponding
edges(supervisedlearning). This canbe relatively easily
accomplishedusing the ExpectationMaximizationAlgo-
rithm (EM).

We train themodelfor bothzk = 0 andzk = 1. Thus
tuning it to assignhigherprobability to patchesthat tend
to look morelike edges(similarly, for non-edges).Simi-
lar ideaswerepreviouslyconsideredin [8, 10, 13], (e.g.,by
building histogramsfor 'on' and 'of f ' edges). However,
we do not expectthis to be enoughto accuratelylearnto
separateedgepixels from non-edgepixels. A key reason
for this is that the modelonly accountsfor very local in-
teractions;it only observesrelatively small imageportions
at a time. Even thoughin theory we could learn, in the
sameway, increasinglylarger�lter responsedistributions,
thiswouldleadto anexponentialmodelgrowth. In thenext
sectionswewill seehow to improveupontheselimitations.

2.2 EdgeSegments
Edgesegmentsaresequencesof edgepixels. Herewe use
thetermedgesegmentasa sequenceof edgepixelswithin
a patch.We de�ne a conditionaldistribution over �lter re-
sponsepatchesconditionedonanedgesegmentasfollows:

p(y �p jzp) =
Y

k2 p

p(yp(k) jzk ); (2)
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Figure3: FactorGraphsde®ningtheGenerative Model

where�p = f j 2 
 jy j dependsonzpg, i.e.,y �p is simply the
patchthatcontainsall thepixelsthatdependconditionally
onedgepatchzp.

We have conditioneda �lter responsepatchon the se-
quenceof edgepixels in thecorrespondinglocation. This
is alreadya largerscaledistribution,sinceit conditionson
edgesegments,not on single pixels. However, it seems
thatwe have simply statedthat �lter responsepatchesare
independentgiventhecorrespondingsegmentof edgepix-
els. The motivation is that in this way we have upgraded
the conceptof edgepixel to theconceptof edgesegment
(edgewithin apath).Thisobeystwo directreasons:(1) we
will seethatit is mathematicallymoreconvenientto de�ne
adistributionoveredgesegmentsand(2) the(mostglobal)
distribution over edgeimageswill bede�ned with respect
to edgesegments,andnot within edgepixels. This is fun-
damentalfor modeling large scaleedgeinteractionsand
at the sametime ensuringtractability of inference(�nd-
ing aposteriordistributionoveredgesgiveninput �lter re-
sponses),aswill beseenin therestof thepaper.

2.2.1 EdgeSegmentDistrib ution

Thebasicpremiseis thatnotall edgesegmentsareequally
likely. In orderto easeinferencewe will de�ne a �nite set
of admissibleor valid edgesegmentswithin a patch:

P(zp jxp) =
�

1 if xp = zp = � � E for some�
0 otherwise; (3)

wherexp, is a patchthat belongsto the edgeimagethat
will be inferred and f � � Eg� =1 ::: j � j is the set of all pos-
sible transformedpatchesextractedfrom E, in short: an
edgedictionary1. This is illustratedby thefactorgraphin
Fig. 3(b), wherethe factorchecksthat x p = zp andthey
arein thedictionaryset.

2.3 EdgeImages
The edgeimage,denotedby X , is the imagewe are in-
terestedin inferring. We will assumethat a distribution

1Formally, � is the set that containsall valid topologicaloperations
thatcanbeperformedon patchesfrom E (e.g.,patchextraction,rotation,
scaling,etc), similar to [18]. In this paper, eachoperator� � : I !
f 0; 1gM p � N p (whereI is a setof images)simply extractsa patchfrom
animageset.

overedgeimagescanbereasonablymodeledin termsof a
Markov random�eld (MRF) on edgesegmentswith pair-
wisepotentials:

P(X ) =
1

Z  

Y

(p;q)

 (xp; xq) (4)

where(p;q) indicateneighboringedgesegments(patches),
thepotential satis�es (xp ; xq) > 0, andZ  is theparti-
tion function.Thisimpliesthatedgepatchesarecondition-
ally independentof therestof theimage,giventheneigh-
boring patches. This is a reasonablechoicesince edge
patcheswill bede�nedbig enough(e.g.,20� 20) to account
for large-extendedgedependencies.Partof ourmotivation
is alsobasedon thatMRF'shavebeenfoundto besuitable
asstatisticalmodelsfor images[7, 5], so we believe they
areasensiblechoicefor modelingedgedependencies.

2.3.1 EdgeImagePotentials

We de�ne thepotential(af�nity) betweenpairsof patches
or edgesegmentsasfollows:

 (xp ; xq) =
j � jX

� =1

� � expf� C(xp ? xq; � � E)=� 2
 g; (5)

where ? denotes patch concatenationand cropping
(Fig. 3(c)): the neighboringpatchpixels betweenx p and
xq are concatenatedto form a patchof size M p � Np,
C is the Chamferdistance[1] betweentwo patches,� �
is the mixture parametersand �  2 < + . In this paper
� � is uniform (all dictionaryelementsareequallylikely).
The potentialsindicatethat two neighboringpatchesare
moreaf�ne if whenproperlyconcatenated(e.g.,up-down,
left right), they look like elementsfrom the trainingedge
setE aftertopologicaltransformationshavebeenapplied.

2.4 A Full Generative Model of Filter Responses
Givenall theabove conditionalrelationships,we cannow
de�ne thefull �lter response/edgeimagejoint distribution
as:

p(Y ; Z; X ) =
Y

p

LY

l =1

Y

k2 p

p(y ( l )
p(k ) jzk )P(zp jxp)P(X ); (6)



wherep variesacrossall the non-overlappingpatchesin
the edgeimage. This equationde�nes, at a coarselevel,
theprobabilisticstructurein our model. Fig.3(d)shows a
portionof a factorgraphassociatedwith this distribution.
In thenext sectionwe will describehow to �nd theedges
X giventhe�lter responsesY .

3 Algorithms for Inference
We would like to computea posteriordistribution over
edgeimagesgiven the observed �lter responses,this is
givenby thefollowing expression:

P(X jY ) =

P
Z

Q
p

Q
k2 p p(yp(k) jzk )P(zp jxp)P(X )

P
X

P
Z

Q
p

Q
k2 p p(yp(k) jzk )P(zp jxp)P(X )

; (7)

wherefor simplicity we have ignoredtheproductover �l-
ter responses.This task is referredto as inference. The
sumsin thedenominatormake this taskintractable.Since
they cannotbefactorizedinto simplersums,thecomplex-
ity scalesexponentiallyonthesizeof theimage,O(2M N ),
ahugenumberevenfor smallimages.If weconsiderthatat
somepointourmodelassignsnon-zeroprobabilityonly to
patchesin f � � Eg� =1 ::: j � j , thenthecomplexity is O(2j � j )
(exponentialin theedgedictionarysize),still too large.An
alternativetask,MAP estimation,is to optimizeEq.7 with
respectto X to �nd themostprobableedgecon�guration.
Likewise,naiveoptimizationalsohasworstcaseexponen-
tial complexity.

Belief propagation(BP) (a.k.a. the sum-productalgo-
rithm) [17] is amessagepassingmethodthatcouldbeused
to �nd the conditionalmarginal posteriorprobabilitiesof
the hiddenrandomvariablesby computinglocal updates
basedon local dependenciesbetweenvariables.BP is ex-
act in tree-structurednetworks, but not in networks with
loops(e.g.,MRF's), like in our case.NeverthelessBP has
beenshown to performsurprisinglywell in loopy networks
[19, 6, 5, 18, 11, 15]. BP hasrecentlybeenbetterunder-
stood,in [21] it wasshowedthat theBP updateequations
are equivalent to iteratively solving self-consistentequa-
tionsresultingfrom �nding thezero-gradientpointsof the
Betheapproximationto theGibbsfreeenergy associatedto
thejoint probabilityin Eq.6.

Givenall themodelparameters,theupdateequationsfor
our modelcanbeeasilyderived,althoughtherearemany
was to schedulethe updates. We �rst updatethe condi-
tionaldistributionsfor eachzp usingEqs.1 and2 andthen
updateeachxp usingEq.3. Themessageupdateis formed
by combiningthesethreeequations:

m0
p(xp) =

X

�

1(xp = zp = � � E)p(y �p jzp = � � E); (8)

where1() is the indicatorfunction. Thenwe canperform
loopy BP in the MRF de�ned by Eq. 4, the BP messages
areeasilyobtainedsincethevariablesarediscrete:

mq! p(xp) =
X

x q

m0
q(xq) (xq; xp)

Y

r 2N (q)np

mr ! q(xq)

bp(x0
p) = mp(xp)

Y

q2N (p)

mq! p(xp);

whereN denotesneighborhood. Sincem0
q(xq) is very

sparse(almostalways zero), the summationcan be per-
formedmoreef�ciently . This wasa reasonfor the intro-
ductionof the randomvariableZ andthe useof an edge
dictionary. We caneasily show that, for our model, this
algorithm hascomplexity O(j� j2). The following sum-
marizesthedifferentstepsof thefull algorithm,including
learningandinference.

EdgeLearning/Infer enceAlgorithm
Input: Image/Edgetrainingdataand�lter responseim-
agesY = f Y ( l ) g (for each�lter)
Output:P(xp jY ) for eachpatchp

1. For each�lter , learnthemixturemodelsfor �lter re-
sponseimagesconditionedon'on' and'of f ' edgepix-
elsusingtrainingdata

2. Collect all edgeimagesto form E andcomputethe
transformationsf � � Eg� =1 ::: j � j (createedge dictio-
nary)

3. For eachpatchp updatetheposteriorsfor:

� zp:
For � = 1:::L
– Makezp = f � � Eg
– Computeposteriorby usingEqs.2 and1

� xp: computemessagesandupdateposteriorusing
Eq. 8. Alternatively, make � % of leastlikely mes-
sagevalueszero(to reduceBP complexity).

4. For iters. 1,2,... (until convergenceor up to MaxIter)
andfor eachp

� Updateposteriorfor xp usingthe loopy BP equa-
tions given the messagesfrom its neighboring
patches.

5. Computebeliefsbq(xq) andnormalizeto obtainap-
proximate conditional posterior for each patch x p
(MAP: alternatively, get the most probable patch
value)

4 Experimental Results
In orderto testour approach,we foundtheBerkeley Seg-
mentationDataset[14] anexcellentresource.Thisdatabse
containsimagesmanuallysegmentedby a largenumberof
subjects.We simply usethesesegmentationedgebound-
ariesasthe indicatorsof edge'on'-'of f '. In all theexper-
iments,we estimatedthe parameter� 2

 usingan approxi-
mationto maximumlikelihoodandthepatchsizewasset
to 20� 20. Thenumberof Gaussiansin themixturefor the
conditional�lter responsedistributionswasdeterminedus-
ing minimumdescriptionlength(MDL)[ ?], by testingsev-
eralmodelsizes.The�lters usedwereonly theLaplacian
operatorwith � 2 = 1 andthemagnitudeof theimagegra-
dient. Extendingthis to otherclassesof �lters is straight-
forwardandpartof futurework. Wemayexpectsomeper-
formancegainbasedon theconclusionsfrom [10, 13]).

First,we testedthemodelability to learndifferentways
to de�ne edges. Initially we thoughtthat a goodway to
testthis, given the resourcesat hand,wasto �nd two dif-
ferentsubjectsin the databasewith very distinctive ways



to draw edges.This turn out to bea dif�cult task. We de-
cidedtouseasimpleproperty, theselectivity toplaceedges
(e.g.,accordingto theamountof edgesplaced).Thus,we
took variousimagesfrom (A) onenot very selective user
(onethatplacedlotsof edges)and(B) severalimagesfrom
variousvery selective users(who placedvery few edges).
We took 10 imagesfor eachset. Fig. 4 shows someof
theseimagesfrom thetwo classes.Thenwe train thesys-
temandcheckif thesedatapropertieswereproperlymod-
eledusingour method.Fig. 5 shows theimagesgenerated
by oursystem.ThesearetheMAP estimatesfor every im-
agepatch.We canseethat,in fact,theedgeimagesfound
agreewith thechosenpropertyof the trainingdata.How-
ever, wewouldstill liketo testthesystemby learningother
properties.We expectthat this couldbedoneby carefully
chosingnew interestingdataproperties.

In order to test the model accuracy quantitatively, we
alsocomparedtheinferrededgeswith ground-truth.Fig. 6
brie�y comparesthedifferentresultsobtainedin theprevi-
ousexperimentwith theMatLabCanny edgedetectorand
with randomedgepixelsdrawn from anuniform distribu-
tion. Theerrormeasureis thesymmetricChamferdistance
perpixel. WearesimplyusingtheMAP estimate,although
we shouldusethe full posteriordistribution provided by
the system. However we saw that the patchentropy was
usually low; thus the MAP estimateis a reasonablean-
swer. Thecomparisonwasdonefor theresultsin classA,
sincethetraining imagesall belongedto thesamesubject
andgroundtruth could be determinedeasily (we arenot
surehow to de�ne 'ground-truth' for the several-subject
class).Wealso' tweaked' by handtheCanny edgedetector
parametersandtherewasno consistentimprovementover
ourmethod.

For our next experimentwe designeda basicinteractive
edge�nder systemthat takesadvantageof the our model
properties. In this system,the userstartsmarkingedges
manuallyand the systemthen globally determineswhat
other pixels (connectedor not to the user-de�ned edges)
shouldbemarkedasedgesaccordingto the learnedprop-
ertiesof the edgesalreadychosen.Our algorithmis very
well suitedfor this task. Thestepsthatareperformedare
(1) the �lter responsedistributionsarefound,now trained
accordingto the user-marked edges,(2) the dictionary is
built, (3) the approximateposterioris found by employ-
ing our belief propagationupdates,but conditionedon the
markededges(andof coursethe�lter responses).Thiscan
bedoneveryef�ciently . Fig. 7 showsthesystematseveral
stages.Note that previous approachesthat arepurely lo-
cal edgedetectorscannotperformthis taskat this level of
sophistication.This is becauseduring classi�cation edge
pixels are classi�ed independentlyof neighboringedges.
In otherwords the evidencecannotbe propagatedacross
theimage.TheMRF usedby oursystemallowsusto con-
dition theposteriordistribution of edgesbasedon theuser
input andthuspropagatethe information. This effect can
providebene�ts thatcouldgreatlyeasetheusertask.

5 Discussion
Edgedetectionseemsto bean ill-posedconcept.Our ap-
proachwasto learntheedgeconceptfrom data.Building
simpleprobabilisticmodelsthathave gooddatamodeling
power andarealsotractableis challenging.We have pre-
senteda fully probabilisticapproachfor learninga model
and inferring edgeimages. This allowed us to provide a

Figure4: Trainingdatafor two differentclassesof users(center
andright)

full approximateposteriordistributionoveredgesegments
given an input image. We employed ideasfrom approxi-
mateprobabilisticinferencewith thehelpof factorgraphs.
Like otherlearningmethods,we have attemptedto model
�lter responses,but unlikepreviousmethodswe havepur-
suedthetaskof de�ning ahigherorderconceptof edgesby
modelingmoreglobally consistentedgedependenciesex-
plicitly from data.This is usefulsinceit allowsusto prop-
agateedgeinformation that could, for example,help de-
tectingdif�cult-to-perceive edgesor neglectingedge-like
artifacts,roughlyspeaking.In interactive systemslike the
onedescribedin theexperiments,theedgeevidencecanbe
propagatedacrosstheimage;thuswe couldusemorethan
simplylocal �lter responsesto �nd edges(andalsowithout
theneedof heuristicsfor groupingthatarenotlearnedfrom
data).We believe this is a sensibledevelopment.Promis-
ing resultsencourageusto investigatethisapproachfurther
and,aspartof futurework, we intendto morethoroughly
measureits advantages.
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