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A probabilistic approach to semi-supervised edge detection

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 (i.e.,solutionstendto belocal). Thispaperemploys
a data-drivenapproach andproposesa wayto build a def-
inition of edgesbasedalmostentirely on exampleimages
labeledbyhumansubjects.Weusea Bayesianapproach to
modeledges,couplingtheinferenceof edgesusinga gen-
erative modelspeci�edas a factor graph. This allows us
to providea probabilistic interpretationto edgesandview
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.,[21]) with the expectedincreasein analyticalor nu-
mericalcomplexity andtheneedfor sampling(of course,
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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, denoteaM � N imagefrom whichwewould
like to �nd edgesand let X 2 f 0; 1gM N denotea ran-
dom variable representingits unknown edges. Let l 2
f 1; :::; Lg, we will employ imagedescriptionsbasedon
(deterministic)transformations� ( l ) : < M N ! < M N of
the original image. De�ne Y ( l ) = � ( l ) (I ), we canthink
of � ( l ) asa particularimage�lter andY ( l ) asthe image
resultingfrom applyingthat �lter to I . For example,mo-
tivatedby Canny edgedetection[3], � ( l ) (I ) could be a
function that returnsthe magnitudeof the convolution of
I with the secondderivative of a Gaussianfunction; � ( l )

is intendedto provideamoreconvenientrepresentationfor
I . TheimagesY ( l ) thuscomputedwill beconsideredob-
servedrandomvariables,partof a largerprobabilisticgen-
erative model.For simplicity, we will work with only one
suchtransformation,� , and de�ne Y = � (I ); this can
laterbeextendedto multipletransformations(e.g.,multiple
�lters).

Since we will be representingimages in terms of
patches,it is opportuneto de�ne severalpatchbasedcon-

cepts.We de�ne a patchasa pixel setp � 
 of sizejP j
(in this paperwe simplyassumerectangularpatchesof di-
mensionsM p � Np). Thusyp is apatchfrom Y composed
by orderedpixels in p. Also yp(k) will denotethe patch
which is centeredatpixel k 2 
 (similarly for X ). Sincea
pixel is a specialcaseof a patch,we will employ theletter
k assubindex to denoteapixelandp or q to denotepatches
(i.e.,morethanonepixel).

2.1 Filter Responsesand Edge-Pixels
At thesmallestscalein ourmodel,werelateapatchof �lter
responseswith a singleedge(or non-edge)pixel. For this,
de�ne therandomvariablezk 2 f 0; 1g to representtheex-
istence(1) or not(0) of anedgepixelat locationk in image
Z (Z is not the �nal edgeimagewe intendto �nd, but an
intermediaterandomvariable).Let a bea randomvariable
representinga mixture distribution componentindex, and
de�ne � i

4= P(a = i ). In this work, a �lter responsepatch
yp(k) (centeredatk) followsamixtureNormaldistribution
conditionedonzk = b:

p(yp(k) jzk = b) =
X

i

� i N (yp(k) ; ' i;b ; � i;b ); (1)

wherewe have
P

i � i = 1. A factorgraphdepictingthese
conditionaldependenciesis shown in Fig. 3(a)for thecase
of two �lter responseimages. For zk = 1, this equation
statesthat a pixel edgetendsto occur at particular�lter
responsepatterns.This is a reasonablestatement,compa-
rableto theunderlyingphilosophyof many edgedetection
methods(e.g.,usuallyedgesare de�ned to occur at areas
of zeroderivative crossings).For non-edges,zk = 0, we
usethesamedistributionform. Weexpectthatthevariance
parameterswill de�ne broaderNormal distributions. The
responsepatternsarelearnedratherthanmanuallyset.

2.1.1 Learning Filter ResponseDistrib utions

For a particular �lter � , we will estimateits (pixel) re-
sponsedistributionparametersusingMaximumLikelihood
(ML) estimationgivena datasetof imagesandtheir corre-
spondingedges(supervisedlearning).This canbeaccom-
plishedrelatively easilyusingtheExpectationMaximiza-
tion Algorithm (EM).

Wetrain themodelfor bothzk = 0 andzk = 1. In other
words,welearn�lter responsedistributionsconditionedon
a singlepixel. Thustuning theappropriatedistribution to
assignhigherprobabilityto patchesthattendto look more
like edges(similarly for non-edges).Similar ideaswere
previously consideredin [8, 10, 13], (e.g.,by building his-
togramsfor 'on' and'of f ' edges).However, we donotex-
pectthis to beenoughto accuratelylearnto separateedge
pixels from non-edgepixels. A key reasonfor this is that
themodelonly accountsfor very local pixel/edgeinterac-
tions; it only observesrelatively small imageportionsat
a time. Eventhoughwe couldsolve this problem(in the-
ory) by learning,in thesameway, increasinglylarger�lter
responsedistributionsandalsoby conditioningthesedis-
tributionson more thana singlepixel, this could lead to
anexponentialmodelgrowth. In thenext sectionswe will
seehow to improveupontheselimitationsandstill build a
non-localmodel.
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Figure3: Differentpiecesof thegenerative modelfor learningedgedetectionandassociatedfactorgraphs.Imagepixelsarerepresented
asboxesin a grid arrangement,randomvariablesarerepresentedwith circles(andcorrespondinglabel),andfactorswith ®lled squares.
Thesub-graphsin (a)-(b)representthelocalgenerative modelinteractionsat the®lter responselevel (a)andedgesegmentlevel (b). The
patchin questionis representedwith a differentgray level (redcolor) thantherestof thepixels; notethatcirclesmayenclosea single
pixel or thewholepatch(thusdenotingapixel or patchrandomvariablerespectively). In (c) theinteractionbetweentwo patches(shown
with differentgraylevelsor colors)is illustrated.In (d) a region (with two edgepatches)of thefull generative modelfactorgraphshows
thestructureof thenon-localinteractions.

2.2 EdgeSegments
Edgesegmentsaresequencesof edgepixels. Herewe use
thetermedgesegmentto denotea sequenceof edgepixels
within apatch.Wede�ne adistributionover�lter response
patchesconditionedonanedgepatchasfollows:

p(y �p jzp) =
Y

k2 p

p(yp(k) jzk ); (2)

where�p = f j 2 
 jy j dependsonzpg, i.e.,y �p is simply the
patchthatcontainsall thepixelsthatdependonedgepatch
zp, accordingto thefunction� .

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.Themotivationfor thisis two-fold (1) aswewill see,it
is mathematicallymoreconvenientto de�ne a distribution
over edgesegmentsand(2) the (mostglobal) distribution
overedgeimageswill bede�ned with respectto edgeseg-
mentsandnot with respectto edgepixels. This is funda-
mentalfor modelinglargescaleedgeinteractionsandatthe
sametimeensuringtractabilityof inference(�nding apos-
terior distribution over edgesgiveninput �lter responses),
aswill beseennext.

2.2.1 EdgeSegmentDistrib ution

Thebasicpremiseis thatnotall edgesegmentsareequally
likely. In orderto easeinferencewe will de�ne a �nite set
of admissibleor valid edgesegmentswithin a patch. Let
E be a collectionof (example)edgeimages(e.g.,a train-
ing set)and� � anoperatoron E. De�ne f � � Eg� =1 ;:::; j � j
to be a setof patchesextractedfrom E, in short: an edge
dictionary1. De�ne 1 : f 0; 1g ! f 0; 1g to bethe indica-

1Formally, � is the set that containsall valid topologicaloperations
thatcanbeperformedon patchesfrom E (e.g.,patchextraction,rotation,

tor function, for a patchxp in the latentedgeimageto be
inferred,we let:

P(zp jxp) =
1

j� j

X

�

1(zp = xp = � � E); (3)

in otherwords,for a patchxp to havenon-zerolikelihood,
it hasto belongto the edgeset extractedfrom the train-
ing edgeimages.This doesnot saythatall possibleedge
patchesareequallylikely (sincenotall possiblepatchesare
in thedictionaryandevensomepatchescanappearmulti-
ple times in the dictionary). We assumethat the training
setis a statisticallyrepresentativesampleof edgepatches,
asusual. This modelcanbe illustratedby a factorgraph
( Fig. 3(b)), wherethefactorchecksthatx p = zp andthe
patchis in thedictionaryset. As a �nal remark,notethat
we could have de�ned p(yp jxp) directly, without resort-
ing to anintermediatevariablezp; howeverby usingzp we
believethemodelis easierto analyzeandpresent.

2.3 EdgeImages
The edgeimage,denotedby X , is the imagewe are in-
terestedin inferring. Let (p;q) indicateneighboringedge
segments(patches)andde�ne a potentialfunction (with
 (xp; xq) > 0). We will assumethat a distribution over
edge imagescan be reasonablymodeledin terms of a
Markov random�eld (MRF) on edgesegmentswith pair-
wisepotentials:

P(X ) =
1

Z  

Y

(p;q)

 (xp; xq) (4)

with partitionfunctionZ  . This impliesthatedgepatches
are conditionally independentof the rest of the image,
giventheneighboringpatches.This is a reasonablechoice

scaling,etc), similar to [19]. In this paper, eachoperator� � : I !
f 0; 1gM p N p (whereI is asetof images)simplyextractsapatchfrom an
imageset.



sinceedgepatcheswill bede�nedbig enough(e.g.,20� 20)
to accountfor large-extent(direct)edgedependencies.Part
of our motivation is alsobasedon that MRF's have been
foundto besuitableasstatisticalmodelsfor images[7, 5],
and thusarea sensiblechoicefor modelingedgedepen-
dencies.

2.3.1 EdgeImagePotentials

Let ? denotepatchconcatenationandcropping(Fig. 3(c)),
C the Chamferdistance[1] betweentwo patches,� � 2
[0; 1], and �  2 < + . We de�ne the potential (af�nity)
betweenpairsof patchesor edgesegmentsasfollows:

 (xp; xq) =
j � jX

� =1

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

In theconcatenation,theneighboringpixelsbetweenx p
andxq areconcatenatedto form a patchof sizeM p � Np.
If we think of � � as the mixing parametersin a mixture
distribution and � 2

 as a spread parameter, we can more
easily seethat the potentialsindicatethat two neighbor-
ing patchesaremoreaf�ne if, whenproperlyconcatenated
(e.g.,up-down, left right), they look like elementsfrom the
trainingedgesetE after topologicaltransformationshave
beenapplied. In this paper� � is uniform (all dictionary
elementsareequallylikely). As animplementationdetail,
it is morepracticalto fusesimilar dictionarypatchesand
properlyaccountfor their relative frequency; thusinstead
of storingthesamedictionarypatchseveral times,we can
storeit onceand increasethe correspondingmixing pro-
portion.

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.
Notethatwehavemadetheedgeresponsesto becondition-
ally independent.This imposesarestrictionontheclassof
�lters � used.In casethatsome�lters cannotbeassumed
conditionallyindependent,we canmodelthemtogetheras
componentsof the samemixture distribution (c.f.,Eq. 1).
Even thoughthis is a reasonablechoice,it is an areathat
requiresfurther exploration. In the next sectionwe will
describehow to �nd theedgesX giventhe�lter responses
Y .

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
k 2 p

p ( y p ( k ) j z k ) P ( z p j x p ) P ( X )
P

X

P
Z

Q
p

Q
k 2 p

p ( y p ( k ) j z k ) P ( z p j x p ) 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 ),
a hugenumberevenfor small images.If we considerthat
at somepoint our modelassignsnon-zeroprobabilityonly
to patchesin f � � Eg� =1 ::: j � j , thenwith jP j thenumberof
patches,the complexity is O(j� j jP j ) (exponentialin the
edgedictionarysize),still too large. An alternative task,
MAP estimation,is to optimizeEq.7 with respectto X to
�nd themostprobableedgecon�guration.Likewise,naive
exact optimizationalso hasworst caseexponentialcom-
plexity.

Belief propagation(BP) (a.k.a. the sum-productalgo-
rithm) [17] is amessagepassingmethodthatcouldbeused
to �nd the conditionalmarginal posteriorprobabilitiesof
the hiddenrandomvariablesx p by computinglocal up-
datesbasedonlocaldependenciesbetweenvariables.BPis
exactin tree-structurednetworks,but not in networkswith
loops(e.g.,MRF's), like in our case.NeverthelessBP has
beenshown to performsurprisinglywell in loopy networks
[20, 6, 5, 19, 11, 15]. BP hasrecentlybeenbetterunder-
stood,in [22] it wasshowedthat theBP updateequations
are equivalent to iteratively solving self-consistentequa-
tionsresultingfrom �nding thezero-gradientpointsof the
Betheapproximationto theGibbsfreeenergyassociatedto
thejoint probabilityof thesystem,Eq.6 in ourcase.

Given all the model parameters,the BP local update
equationsfor our model can be easily derived, but there
aremany was to scheduletheseupdates.We decidedto
�rst updatetheconditionaldistributionsfor eachzp using
Eqs.1 and2 andthenupdateeachx p usingEq. 3. The
messageupdateis formedby combiningthesethreeequa-
tions:

m0
p(xp) =

X

�

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

We thenuseloopy BP to updatetheposteriormarginal
distributionstakinginto accountthedependenciesimplied
by the MRF de�ned by Eq. 4. The BP messagescanbe
computeddirectlysincethevariablesarediscrete:

mq! p(xp) =
X

x q

m0
q(xq) (xq; xp)

Y

r 2 � (q)np

mr ! q(xq)

bp(x0
p) = mp(xp)

Y

q2 � (p)

mq! p(xp);

where � denotesneighborhood. Since m0
q(xq) is very

sparse(almostalways zero), the summationcan be per-
formed more ef�ciently . This was a key reasonfor the
introductionof the randomvariableZ and the useof an
edgedictionary. It canbe shown that for our model,this
algorithmhascomplexity O(j� j2). Fig. 4 summarizesthe
differentstepsof thefull algorithm,includinglearningand
inference.

4 Experimental Results
In order to test our approach,we found the Berkeley
SegmentationDataset[14] an excellent resource. This



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 , learnthemixture modelsfor �lter re-
sponseimagesconditionedon'on' and'of f ' edgepix-
elsusingtrainingdata

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

3. For eachpatchp updatetheposteriorsfor:

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

� xp: computemessagesandupdateposteriorusing
Eq. 8. Alternatively, make a percentage� of the
leastlikely messagevaluesequalto zero(to reduce
BPcomplexity).

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)

Figure4: Learningandinferencealgorithmfor edgedetection.

databasecontainsimagesmanuallysegmentedby a large
numberof subjects. We simply use thesesegmentation
edgeboundariesastheindicatorsof edge'on'-'of f '. In all
theexperiments,we estimatedthe parameter� 2

 usingan
approximationto maximumlikelihoodandthe patchsize
wassetto 20� 20. Thenumberof Gaussiansin themixture
for the conditional�lter responsedistributionswasdeter-
minedusingminimum descriptionlength(MDL)[18], by
testingseveralmodelsizes.The�lters usedwere� (1) the
Laplacianoperatorwith � 2 = 1 and � (2) the magnitude
of the imagegradient. Extendingthis to otherclassesof
�lters is straightforwardandpart of futurework; we may
expectsomeperformancegainbasedon conclusionsfrom
previousexperiments[10, 13]).

First,we testedthemodelability to learndifferentways
to de�ne edges. Initially we thoughtthat a goodway to
testthis, giventhe resourcesat hand,wasto �nd two dif-
ferentsubjectsin thedatabasewith verydistinctivewaysto
draw edges.This turnout to beadif�cult task.Wedecided
to usea simpleproperty, theuserselectivity whenplacing
edges(we simply consideredthedensityof edgesplaced).
Thus,we took variousimagesfrom (A) onenot very se-
lective user(one that placedlots of edges)and (B) sev-
eral imagesfrom variousvery selective users(who placed
very few edges).We took 10 imagesfor eachset. Fig. 5
shows someof theseimagesfrom the two classes.Then
we trainedthe systemand checkif thesedataproperties

Figure5: Trainingdatafor two differentclassesof users(center
andright)

wereproperlymodeledusingourmethod.Fig.6 showsthe
imagesgeneratedby our system.ThesearetheMAP esti-
matesfor every imagepatch.We canseethat, in fact, the
edgeimagesfound agreewith the chosenpropertyof the
trainingdata.However, we would still like to testthesys-
tem by learningotherpropertiesaswell. We expectthat
this could be doneby carefully choosingnew interesting
datapropertiesor perhapswith amorespecializeddataset.

In order to test the model accuracy quantitatively, we
alsocomparedtheinferrededgeswith ground-truth.Fig. 7
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
thesystem.However, we observedthat thepatchentropy
wasusuallylow; thustheMAP estimateis areasonablean-
swer. Thecomparisonwasdonefor theresultsin classA,
sincethe training imagesall belongedto thesamesubject
andgroundtruth could be determinedeasily (we arenot
surehow to de�ne 'ground-truth' for the several-subject
class).We further ' tweaked' by handtheCanny edgede-
tectorparametersandobservednoconsistentimprovement
overour method.

For our next experimentwe designeda basicinteractive
edge�nder systemthattakesadvantageof ourmodelprop-
erties. In this system,theuserstartsmarkingedgesman-
ually andthe systemthenglobally determineswhatother
pixels(connectedor not to theuser-de�ned edges)should
bemarkedasedgesaccordingto the learnedpropertiesof
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(3)
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Figure6: Testimages:input image,Canny edgedetector, MAP
estimatesfor userA, andMAP estimatesfor userB (left-right and
top-bottomwhereneeded)

theedgesalreadychosen.Ouralgorithmis verywell suited
for this task. The stepsthat areperformedare(1) the �l-
ter responsedistributionsare found, now trainedaccord-
ing to theuser-markededges,(2) thedictionaryis built, (3)
theapproximateposterioris foundby employingourbelief
propagationupdates,but conditionedon themarkededges
(andof coursethe�lter responses).This canbedonevery
ef�ciently . This is different from the Intelligent Scissors
tool, which is usedto selectcontiguousareasof similar
color or imagediscontinuities. Fig. 8 shows the system
at several stages.Note that previous approachesthat are
purelylocaledgedetectorscannotperformthis taskat this
level of sophistication.This is becauseduring classi�ca-
tion edgepixels areclassi�ed independentlyof neighbor-
ing edges. In other words the evidencecannotbe prop-
agatedacrossthe image. The MRF usedby our system
allows us to condition the posteriordistribution of edges
basedontheuserinputandthuspropagatetheinformation.
This effect canprovidebene�ts thatcouldgreatlyeasethe
usertask.
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Figure7: Error in MAP estimates.Error is measuredusingthe
symmetricChamferdistance. Imagesare labeled1-4, in same
orderasin Fig. 6

5 Discussion
Edge detectionseemsto bean ill-posedconcept.Our ap-
proachwasto learntheedgeconceptfrom data.Building
simpleprobabilisticmodelsthathave gooddatamodeling
power andarealsotractableis challenging.We have pre-
senteda fully probabilisticapproachfor learninga model
andinferring edgeimages. This allowed us to provide a
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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Figure8: An interactive systemto edgelabelingbasedon learn-
ing. First (blue) a userstartsby selectingedgesaccordingto
its conceptof 'edges'; then(red) the systemautomaticallypro-
posesedgesby usingthelearned®lter responsedistributionsand
by propagatingevidenceacrossthe image. The usercan sub-
sequentlyre®nehis conceptof edges. In the ®rst set, the de®-
nition of edgeseemsto be too general(horizontalbars),in the
secondset,thede®nitionis at ®rst morespeci®c;thusfewer and
morespecializededgesarefound. Later in thesecondsetof im-
ages,theuserextendedits de®nitionof edges(notetheaddedblue
edges)andthusanotherimageis obtaned(bottom). In all cases
theedgeevidenceis propagated,helpingto ®ndneighboringedge
regionswith notveryhigh®lter response.Althoughnotshown in
this ®gure, regionsaroundthe areaselectedby the usertendto
havelowerposteriorentropy. Only MAP estimatesareshown per
patch,thusthebestedgepatch(includingthepossibilityof a non
edgepatch)areshown. By furtheradjustinga probabilityor en-
tropy threshold,thesystemcoulddisplayedgeswith high or low
uncertainty, asdesiredby theuser


