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A probabilistic approach to semi-supervised edge detection

Abstract

Edge detectionis consideed oneof the fundamentalow-
level vision tasks. As a consequengenumepus attempts
havebeenmadeto de ne mathematicallywhat edgesare
andhowto locatethemin animage. However, mostde ni-
tionsare handcmafted,usuallylacking a probabilisticinter-
pretation. Probabilistic modelshavealso beenproposed,
but they do not allow to propagatethe evidenceacrossthe
image (i.e.,solutiongendto belocal). Thispaperemploys
a data-drivenapproach and proposes wayto build a def-
inition of edgesbasedalmostentirely on exampleimages
labeledby humansubjects We usea Bayesiarapproac to
modeledges,couplingthe inferenceof edgesusinga gen-
erative modelspeci ed as a factor graph. Thisallows us
to provide a probabilisticinterpretationto edgesandview
the edge detectionproblemas one of probabilistic infer-
ence We formally de ne a modelof edgesand thende-
scribe a computationallyefcient, probabilistic inference
and learning algorithmsfor learning an edge modelfrom
dataand,givena novelimage, for detectingedgesaccod-
ing to the learnedmodel.Unlike otherlearning-basedp-
proaches,our modelcanlearn higherorder edge interac-
tions,insteadof justlocal de nitions of edges; thusallow-
ing to propagateedge evidenceacrosstheimage. Our ap-
proad is demonstatedandevaluatedusingbothsynthetic
andreal images,showingpromisingresults.

1 Intr oduction and Related Work

Edgedetectionis consideredne of the fundamentalow-
level vision tasks. One reasonfor this is that edgesare
thoughtto provide a primitive but rich descriptionof im-
ages,usefulfor commonhigherlevel tasks[9, 4, 12, 2];
functioningasbasicelementdor encodingnaturalscenes
[2]. Empirically, this makesusthink thatthelossytransfor
mationthat corvertsanimageinto its edgemapis goodat
preservingheimageinformationaboutour world. Froma
computationaperspectie, thisis usefulsincemary fewer
bits are generallyneededo encodeimageedges;a prop-
erty thatalsohaspotentialbene tsin algorithmcomplex-
ity.

In spiteof this, edge detectionseemdargelyill-de ned.
The earliest(and most traditional) approacheselate the
de nition of edgeswith pixel intensity discontinuities
within theimage(e.g.,[3, 12]). Computationallythesedis-
continuitiesare usually found by detection lters (differ-
ential operatorson the image), suchas the magnitudeof
the gradient,the Laplacian,andmary others,appliedat a
givenscaleandthresholdsgenerallychoserto suitparticu-
lar edgeneeds A moretask-orientedpproachs to de ne
edgesas objectboundarieq14] or depthdiscontinuities.
However, nding objectboundariess anopenproblemin
computewision,and nding depthdiscontinuitiesequires
of morethanoneimageor cameraSincewe believe edges
aredifferententitiesdependingon whatwe wantthemfor,
the standpointakenin this paperis to settlethe debateby
building a probabilisticde nition basedon collectionsof
edgeexamples(e.g.,goodfor a speci c task). Fig. 1 illus-
tratesthedif culty of de ning edgegfor thecaseof object
boundaries). When asled to breakan imageinto distin-

Figure 1: Exampleoriginal image and three different human
labeledboundariedrom [14]. Edges,asobjectboundariesare
notuniquelyde®ned.
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Figure2: Simpleillustrationof differentpotentialedgedetection
approaches{a) a smallportionof animageandedgesound by:

(b) Canry edgedetectorfor a particularsetof parameters(c) a
more robust learningbasededgedetectionbasedon local ®lter
responsegd-e) moreglobally consistentearningmodelstrained
to detect(d) long-extent edgesand (e) shorterextent edges,(f)

one(of mary) humanlabeledimagesfor this example[14]. Full-

size original and particularhumanlabeledimagesare shavn in

(g-h) with a squareindicatingtheimageportionused.

guishedthings humansubjectshave a differentde nition
of thinggse€g[14] for moredetailin thistask).

There have beenseveral learning-base@pproacheso
edgeandboundarydetection We weremotivatedby these,
specially[10, 13]. Thebasicideaof learningadistribution
of lter responsefor aparticularon'-'of f' pixel eventwas
originally undertalenby [8], wherethe eventwaspixel is
‘on road' or 'of f road' in aerialimages.More recently in
[10] histogramsof joint distributions of several lter re-
sponsesvere usedfor this. In both approachesthe log-
likelihoodratio wasusedasa measuref edgestrengthat
the particularpixel. A drawback of theseapproachess
that this measurds, in practice,very local and canlead
to globallyinconsistenedgesin [13] theselter response
distributionswereusedasinputto machindearningclassi-
ers suchasmixture of experts,supportvectormachines,
logistic regression.etc. Still, classi cation wasbasedon
local lter responsesOnenaive solutionis simply to use
largerandlarger Iter responses;ausingthe modelcom-
plexity to grow exponentially Global modelshave been
attemptedfor example,to detectobjectspeci c contours
(e.g.,[21]) with the expectedincreasen analyticalor nu-
mericalcompleity andthe needfor sampling(of course,



certainglobal but simple modelscan be dealt with ana-
lytically). It is expectedthat objectspeci c methodsdo
not scalewell to a generaledgedetectionsetting. As in

[10, 13], we will learnde nitions that are not objectde-
pendent.Unlike local Iter responsapproachesye will

learn more globally consistentedgede nitions explicitly

from data.Fig. 2 very brie y illustratesthatit may be ad-
vantageou$o modelmoreglobal edgeconsistenyg.

Employing probabilisticnon-localmodelsof edgesand
Iter responseis adif cult taskbecaus¢hecompleity of
inference the taskof nding a distribution over edgeim-
ages,scalesxponentially(roughly on the orderof condi-
tional dependenciesiodeled).In orderto circumventthis
problem,an interestingapproachwastakenin [8] where
pixels were chosengreedilyto be incorporatedn the so-
lution by minimizing the informationlost aboutroad/non-
road events. Otheredgegroupingapproachesare not so
well-motivated sincethegroupingalgorithmis notexplic-
itly modelingthe regularitiesin the training data. In the
separateask of sggmentationglobally consistenimodels
have beenproposedfor examplee.g.,[16], basedon spec-
tral clustering,but theseapproachesre constrainedori-
marily to nd imageregions,not edges.In this paper we
proposeanapproacHor learninga consistentmoreglobal
de nition of edgeshasedalmostentirely on training data,
andusingthemfor inferring consistenedgeimages.

We usea Bayesiarapproacho modeledgesemploying
the framawork of factorgraphs.This allows usto provide
a probabilisticinterpretationto edgesand view the edge
detectionproblemas one of probabilisticinference. We
formally de ne amodelof edgesandthendescribeacom-
putationallyef cient, probabilisticinferenceandlearning
algorithmsfor building anedgemodelfrom dataand,given
a novel image, detectingedgesaccordingto the learned
model.Unlike otherlearning-basedpproacheggurmodel
explicitly learnslarge rangeedgeinteractions,insteadof
justlocallocal Iter responseshusproviding moreglob-
ally consisteng.

2 Learning from User Segmentations

We areinterestedn building a probabilisticmodelthatre-
latesworld intensityimageswith correspondingdgesL et
I =1((k): ! <,with =f(;j)ji2flL:;Mg;j 2
f1;:::;Ngg denoteaM N imagefrom whichwe would
like to nd edgesandlet X 2 f0;1gMN denotea ran-
dom variable representingts unknown edges. Let | 2
f1;::;Lg, we will employ image descriptionsbasedon
(deterministic)transformations () : <MN | <MN of
the originalimage. Dene Y (0 = ()(1), we canthink
of () asa particularimage Iter andY () astheimage
resultingfrom applyingthat Iter to | . For example,mo-
tivated by Canry edgedetection[3], V(1) could be a
function that returnsthe magnitudeof the corvolution of
| with the secondderivative of a Gaussiarfunction; ()
is intendedo provide amorecorvenientrepresentatiofor
I. TheimagesY () thuscomputedwill be consideredb-
senedrandomvariablespartof alargerprobabilisticgen-
eratve model. For simplicity, we will work with only one
suchtransformation, , anddene Y = (l); this can
laterbe extendedo multiple transformationge.g., multiple
Iters).

Since we will be representingimagesin terms of
patchesit is opportuneto de ne several patchbasedcon-

cepts. We de ne a patchasa pixel setp of sizejPj
(in this papemwe simply assumeectangulapatchef di-
mensiondV, Ny). Thusy, isapatchfromY composed
by orderedpixelsin p. Also y,) will denotethe patch
whichis centeredatpixelk 2  (similarly for X ). Sincea
pixelis a specialcaseof a patch,we will emplgy theletter
k assubinde to denotea pixel andp or g to denotepatches
(i.e.,morethanonepixel).

2.1 Filter Responsesind Edge-Pixels

At thesmallesscalein ourmodel,werelateapatchof Iter

responsewith asingleedge(or non-edge)pixel. For this,
de ne therandomvariablezy 2 f 0; 1g to representhe ex-
istencg(1) or not (0) of anedgepixel atlocationk in image
Z (Z is notthe nal edgeimagewe intendto nd, butan
intermediateandomvariable).Let a bearandomvariable
representing mixture distribution componenindex, and

dene ; £ P(a=i).Inthiswork,a lter responsg@atch
Yp(k) (centeredatk) followsamixtureNormaldistribution
conditionedonz, = b

X
P(Ypyizk = b) = iN(Ypo: ' ib: ib); 1)

wherewe ha\/eP i = 1. A factorgraphdepictingthese
conditionaldependencieis shavn in Fig. 3(a)for thecase
of two lter responseémages. For zx = 1, this equation
statesthat a pixel edgetendsto occurat particular lter
responsatterns.This is a reasonablstatementcompa-
rableto theunderlyingphilosophyof mary edgedetection
methods(e.g.,usuallyedgesare de ned to occur at areas
of zeroderivative crossings).For non-edgeszx = 0, we
usethesameaistributionform. We expectthatthevariance
parametersvill de ne broaderNormal distributions. The
responsgatternsarelearnedratherthanmanuallyset.

2.1.1 Learning Filter ResponseDistrib utions

For a particular lter , we will estimateits (pixel) re-
sponsalistributionparameterssingMaximumLik elihood
(ML) estimationgivena datasebf imagesandtheir corre-
spondingedgeqsupervisedearning). This canbeaccom-
plishedrelatively easily usingthe ExpectationMaximiza-
tion Algorithm (EM).

We trainthemodelfor bothz, = 0andz = 1. In other
words,welearn Iter responselistributionsconditionecon
a singlepixel. Thustuning the appropriatedistribution to
assignhigherprobabilityto patcheghattendto look more
like edges(similarly for non-edges).Similar ideaswere
previously consideredn [8, 10, 13], (e.g.,by building his-
togramsfor 'on' and'off' edges)However, we do not ex-
pectthis to be enoughto accuratelylearnto separatedge
pixelsfrom non-edgepixels. A key reasonfor this is that
the modelonly accountdor very local pixel/edgeinterac-
tions; it only obsenesrelatively small image portionsat
atime. Eventhoughwe could solve this problem(in the-
ory) by learning,in the sameway, increasinglylarger Iter
responsalistributionsand alsoby conditioningthesedis-
tributions on more than a single pixel, this could leadto
anexponentialmodelgrowth. In the next sectionswve will
seehow to improve uponthesdimitationsandstill build a
non-localmodel.
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Figure3: Differentpiecesof thegeneratie modelfor learningedgedetectiorandassociatedlactorgraphs. Imagepixelsarerepresented
asboxesin agrid arrangementandomvariablesarerepresenteavith circles(andcorrespondindabel), andfactorswith ®lled squares.
Thesub-graphsn (a)-(b)representhelocal generatie modelinteractionsat the ®lter responsdevel (a) andedgesegmentlevel (b). The
patchin questionis representedvith a differentgray level (red color) thanthe restof the pixels; notethat circlesmay enclosea single
pixel or thewhole patch(thusdenotinga pixel or patchrandomvariablerespectrely). In (c) theinteractionbetweertwo patchegshavn
with differentgraylevelsor colors)is illustrated.In (d) aregion (with two edgepatchespf thefull generatre modelfactorgraphshavs

thestructureof the non-localinteractions.

2.2 EdgeSegments

Edgeseggmentsaresequencesf edgepixels. Herewe use
thetermedgesggmentto denotea sequencef edgepixels
within apatch.We de ne adistributionover lter response
patchesonditionedon anedgepatchasfollows:

Y
P(ypizp) =  P(Yp(k)izk); 2)
k2p
wherep = fj 2 jy; depend®nz,g,i.e.y, is simply the

patchthatcontainsall thepixelsthatdependnedgepatch
zp, accordingto thefunction .

We have conditioneda Iter responsepatchon the se-
guenceof edgepixelsin the correspondindocation. This
is alreadya larger scaledistribution, sinceit conditionson
edgesegments,not on single pixels. However, it seems
thatwe have simply statedthat lter responseatchesare
independengiventhe correspondingegmentof edgepix-
els. Themotivationfor thisis two-fold (1) aswewill seejt
is mathematicallymorecornvenientto de ne a distribution
over edgesegmentsand (2) the (mostglobal) distribution
overedgeimageswill bede ned with respecto edgesey-
mentsand not with respecto edgepixels. This is funda-
mentalfor modelinglargescaleedgeinteractionsandatthe
sametime ensuringractability of inference( nding apos-
terior distribution over edgesgiveninput Iter responses),
aswill beseemext.

2.2.1 EdgeSegmentDistrib ution

Thebasicpremises thatnotall edgesegmentsareequally
likely. In orderto easenferencewe will de ne a nite set
of admissibleor valid edgesegmentswithin a patch. Let
E be a collection of (example)edgeimages(e.g.,a train-
ing set)and anoperatoronE. Dene f Eg -;

dictionary!. Dene 1 :f0;1g! f0;1gto betheindica-

lFormally, is the setthat containsall valid topologicaloperations
thatcanbe performedon patchedrom E (e.g.,patchextraction,rotation,

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

. 1 X
P(zpjxp) = —

B),
] )

®3)

zp = %Xp =

in otherwords,for a patchx, to have non-zerdik elihood,
it hasto belongto the edgeset extractedfrom the train-

ing edgeimages. This doesnot saythatall possibleedge
patchesreequallylikely (sincenotall possiblgpatchesre
in thedictionaryandevensomepatchesanappeamulti-

ple timesin the dictionary). We assumehatthe training

setis a statisticallyrepresentatie sampleof edgepatches,
asusual. This modelcanbe illustratedby a factorgraph
( Fig. 3(b)), wherethefactorchecksthatx, = z, andthe
patchis in the dictionaryset. As a nal remark,notethat
we could have de ned p(ypjx,) directly, without resort-
ing to anintermediatevariablez,; howeverby usingz, we

believe themodelis easierto analyzeandpresent.

2.3 Edgelmages

The edgeimage, denotedby X, is the imagewe arein-
terestedn inferring. Let (p; q) indicateneighboringedge
segmentgpatchespndde ne a potentialfunction  (with

(Xp; Xq) > 0). We will assumethata distribution over
edgeimagescan be reasonablymodeledin termsof a
Markov random eld (MRF) on edgesegmentswith pair-
wisepotentials:

Y

P(X) = (4)

1
7 (XpiXq)
(p:a)
with partitionfunctionZ . Thisimpliesthatedgepatches
are conditionally independentf the rest of the image,
giventhe neighboringpatchesThisis areasonablehoice

scaling, etc), similar to [19]. In this paper eachoperator  : | !
£0;1gMeNp (wherel is asetof images)simply extractsa patchfrom an
imageset.



sinceedgepatchewill bede nedbigenoughle.qg.,20 20)

to accounfor large-extent(direct)edgedependenciesart
of our motivation is alsobasedon that MRF's have been
foundto be suitableasstatisticalmodelsfor imageq7, 5],

andthus are a sensiblechoicefor modelingedgedepen-
dencies.

2.3.1 Edgelmage Potentials

Let ? denotepatchconcatenatioandcropping(Fig. 3(c)),
C the Chamferdistance[1l] betweentwo patches, 2
[0;1], and 2 <,. We de ne the potential (af nity)

betweerpairsof patchesr edgesggmentsasfollows:

i

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

=1

In the concatenatiorthe neighboringpixelsbetweerx
andxq areconcatenatetb form a patchof sizeM, Ny.
If we think of  asthe mixing parametersn a mixture
distribution and 2 asa spread parameterwe can more
easily seethat the potentialsindicate that two neighbor
ing patchesaremoreaf ne if, whenproperlyconcatenated
(e.g.,up-down, left right), they look like elementdrom the
training edgesetE after topologicaltransformationfiave
beenapplied. In this paper is uniform (all dictionary
elementsareequallylikely). As animplementatiordetail,
it is more practicalto fuse similar dictionary patchesand
properlyaccountfor their relative frequeng; thusinstead
of storingthe samedictionarypatchseveraltimes,we can
storeit onceandincreasethe correspondingnixing pro-
portion.

2.4 A Full Generative Model of Filter Responses

Givenall the above conditionalrelationshipsye cannow
de ne thefull Iter response/edgenagejoint distribution
as:

Y ¥ Y .
D(Y;Z;X): p(yp(k)lzk)P(ZpJXp)P(x); (6)

p 1=1 k2p

wherep variesacrossall the non-overlappingpatchesin
the edgeimage. This equationde nes, at a coarselevel,
the probabilisticstructurein our model. Fig.3(d) shows a
portion of a factorgraphassociatedvith this distribution.
Notethatwe have madetheedgeresponseto becondition-
ally independentT hisimposesarestrictionon the classof
lters used.In casethatsome Iters cannotbe assumed
conditionallyindependentye canmodelthemtogetheras
componentf the samemixture distribution (c.f.,Eq. 1).
Eventhoughthis is a reasonablehoice,it is an areathat
requiresfurther exploration. In the next sectionwe will
describéhow to nd theedgesX giventhe lter responses
Y.

3 Algorithms for Inference

We would like to computea posteriordistribution over
edgeimagesgiven the obsened Iter responsesthis is
givenby thefollowing expression:

i Q Q p(y izg)P (zpixp)P (X)
p(xjy=P_P_ € € p(k)izKIP (zpixp @)

S ) ZkIP ZpixpIP (X)

X zZ p  k2p

wherefor simplicity we have ignoredthe productover I-

ter responses.This taskis referredto asinference. The
sumsin the denominatomalke this taskintractable.Since
they cannotbefactorizedinto simplersums,the comple-
ity scalesexponentiallyonthesizeof theimage,0(2M N ),
ahugenumberevenfor smallimages.If we considerthat
atsomepoint our modelassignsion-zergprobability only
to patchesnf  Eg -1 ... j, thenwith jPj the numberof

patchesthe compleity is O(j jiP1) (exponentialin the
edgedictionarysize), still too large. An alternatve task,
MAP estimationjs to optimize Eq. 7 with respecto X to
nd themostprobableedgecon guration. Likewise,naive
exact optimizationalso hasworst caseexponentialcom-
plexity.

Belief propagation(BP) (a.k.a. the sum-productalgo-
rithm) [17] is amessag@assingnethodthatcouldbeused
to nd the conditionalmaminal posteriorprobabilitiesof
the hiddenrandomvariablesx, by computinglocal up-
datesdbasednlocaldependencigsetweervariables BPis
exactin tree-structuredietworks, but notin networkswith
loops(e.g.,MRF's), like in our case.Nevertheles8BP has
beenshavn to performsurprisinglywell in loopy networks
[20, 6, 5, 19, 11, 15]. BP hasrecentlybeenbetterunder
stood,in [22] it wasshovedthatthe BP updateequations
are equialentto iteratively solving self-consistenequa-
tionsresultingfrom nding the zero-gradienpointsof the
Betheapproximatiorto the Gibbsfreeenegy associatetb
thejoint probability of the system[Eq. 6 in our case.

Given all the model parametersthe BP local update
equationsfor our model can be easily derived, but there
aremary wasto scheduletheseupdates. We decidedto
rst updatethe conditionaldistributionsfor eachz, using
Egs.1 and 2 andthenupdateeachx, usingEq. 3. The
messagelpdateis formedby combiningthesethreeequa-
tions:

mS(Xp) = 1(Xp=2p= BE)p(Ypizp= BE): (8)

We thenuseloopy BP to updatethe posteriormarginal
distributionstakinginto accounthe dependenciesnplied
by the MRF de ned by Eq. 4. The BP messagesanbe
computedirectly sincethevariablesarediscrete:

Mg P(Xp) = mg(Xq) (Xq;xp) My q(Xq)
. Xq Y r2 (anp
B(Xp) = mp(Xp) Mg p(Xp);
a2 (p)
where denotesneighborhood. Since mg(xq) is very

sparse(almostalways zero), the summationcan be per
formed more efciently. This was a key reasonfor the
introductionof the randomvariableZ andthe useof an
edgedictionary It canbe ShONn that for our model, this
algorithmhascompleity O(j j?). Fig. 4 summarizeshe
differentstepsof thefull algorithm,includinglearningand
inference.

4 Experimental Results

In order to test our approach,we found the Berkeley
SgymentationDataset[14] an excellent resource. This



EdgeLearning/Infer enceAlgorithm

Input: Image/Edgeraining dataand Iter responsém-
agesy = fY (Vg (for each lter)

Output:P (xpjY ) for eachpatchp

1. For each Iter, learnthe mixture modelsfor lter re-
sponsemagesconditionedon’on’ and'of f' edgepix-
elsusingtrainingdata

2. Collect all edgeimagesto form E and computethe
transformationsft Eg -;..; ; (createedge dictio-
nary)

3. For eachpatchp updatethe posteriordor:
Zp:

For =1,2;:5L

- Makez, = f Eg

— Computeposteriorby usingEgs.2 and1
Xp: computemessageandupdateposteriorusing
Eqg. 8. Alternatively, make a percentage of the
leastlikely messag®&aluesequalto zero(to reduce
BP compleity).

4. Foriters. 1,2,... (until corvergenceor up to Maxlter)
andfor eachp

Updateposteriorfor x, usingtheloopy BP equa-
tions given the messagesrom its neighboring
patches.

5. Computebeliefshy(xq) andnormalizeto obtainap-
proximate conditionaﬁ posterior for each patch x,
(MAP: alternatvely, get the most probable patch
value)

Figure4: Learningandinferencealgorithmfor edgedetection.

databaseontainsimagesmanuallysegmentedby a large
numberof subjects. We simply use thesesggmentation
edgeboundariesstheindicatorsof edge'on'-'of f'. In all
the experimentswe estimatedhe parameter 2 usingan
approximationto maximumlik elihoodandthe patchsize
wassetto 20 20. Thenumberof Gaussiang themixture
for the conditional Iter responsalistributionswasdeter
mined using minimum descriptionlength (MDL)[18], by
testingseveralmodelsizes. The Iters usedwere @ the

Laplacianoperatorwith 2 = 1 and @ the magnitude
of theimagegradient. Extendingthis to otherclassesf

Iters is straightforvard and part of future work; we may
expectsomeperformanceagain basedon conclusiondrom

previousexperimentq10, 13]).

First, we testedhe modelability to learndifferentways
to de ne edges. Initially we thoughtthat a good way to
testthis, giventhe resourcest hand,wasto nd two dif-
ferentsubjectsn thedatabasevith verydistinctive waysto
draw edgesThisturnoutto beadif cult task.We decided
to usea simpleproperty the userselectvity whenplacing
edgeqwe simply consideredhe densityof edgesplaced).
Thus, we took variousimagesfrom (A) onenot very se-
lective user (one that placedlots of edges)and (B) sev-
eralimagesfrom variousvery selectve users(who placed
very few edges).We took 10 imagesfor eachset. Fig. 5
shavs someof theseimagesfrom the two classes.Then
we trainedthe systemand checkif thesedataproperties

Figure5: Trainingdatafor two differentclasseof users(center
andright)

wereproperlymodeledusingour method.Fig. 6 shavsthe
imagesgeneratedby our system.Thesearethe MAP esti-
matesfor every imagepatch. We canseethat, in fact, the
edgeimagesfound agreewith the chosenpropertyof the
training data. However, we would still like to testthe sys-
tem by learningother propertiesaswell. We expectthat
this could be doneby carefully choosingnew interesting
datapropertiesor perhapawvith amorespecializedlataset.

In orderto testthe model accurag quantitatively, we
alsocomparedheinferrededgeswith ground-truth.Fig. 7
brie y compareshedifferentresultsobtainedn the previ-
ousexperimentwith the MatLab Canry edgedetectorand
with randomedgepixels dravn from an uniform distribu-
tion. Theerrormeasures thesymmetricChamferdistance
perpixel. We aresimply usingthe MAP estimatealthough
we shouldusethe full posteriordistribution provided by
the system.However, we obsenedthatthe patchentrogy
wasusuallylow; thusthe MAP estimatds areasonablan-
swer The comparisorwasdonefor theresultsin classA,
sincethe trainingimagesall belongedo the samesubject
and groundtruth could be determinedeasily (we are not
surehow to de ne 'ground-truth’ for the several-subject
class). We further'twealed' by handthe Canry edgede-
tectorparameterandobsenedno consistenimprovement
overour method.

For our next experimentwe designed basicinteractive
edge nder systenthattakesadvantageof ourmodelprop-
erties. In this system the userstartsmarkingedgesman-
ually andthe systemthenglobally determinesvhat other
pixels (connectedr not to the userde ned edges)should
be marked asedgesaccordingto the learnedpropertiesof



1)

)

®3)

(4)

Figure6: Testimages:inputimage,Canry edgedetector MAP
estimatesor userA, andMAP estimategor userB (left-rightand
top-bottomwhereneeded)

theedgesalreadychosenOuralgorithmis verywell suited
for this task. The stepsthat are performedare (1) the |-
ter responsdlistributions are found, now trainedaccord-
ing to theusermarkededges(2) thedictionaryis built, (3)
theapproximateosterioris foundby employing our belief
propagatiorupdatesbut conditionedon the markededges
(andof coursethe Iter responses)This canbedonevery
efciently. This is differentfrom the Intelligent Scissors
tool, which is usedto selectcontiguousareasof similar
color or imagediscontinuities. Fig. 8 shavs the system
at several stages. Note that previous approacheshat are
purelylocal edgedetectorcannotperformthis taskat this
level of sophistication.This is becauseduring classi ca-
tion edgepixels are classi ed independentlyof neighbor
ing edges. In otherwords the evidencecannotbe prop-
agatedacrossthe image. The MRF usedby our system
allows us to condition the posteriordistribution of edges
basedntheuserinputandthuspropagatéheinformation.
This effect canprovide bene tsthatcouldgreatlyeasethe
usertask.

18

Hl Learned
[ Canny Autom
16 Il Random
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Symetric Chamfer(Ground Truth,Result)

Images

Figure7: Errorin MAP estimates Error is measuredisingthe
symmetricChamferdistance. Imagesare labeled1-4, in same
orderasin Fig. 6

5 Discussion

Edge detectionseemdo be anill-posedconcept.Our ap-
proachwasto learnthe edgeconceptfrom data. Building

simpleprobabilisticmodelsthat have gooddatamodeling
power andarealsotractableis challenging.We have pre-
senteda fully probabilisticapproachor learninga model
andinferring edgeimages. This allowed us to provide a
full approximateposteriordistribution over edgesegments
givenaninput image. We employed ideasfrom approxi-
mateprobabilisticinferencewith the helpof factorgraphs.
Lik e otherlearningmethodswe have attemptedo model
Iter responsedyut unlike previousmethodswve have pur-

suedthetaskof de ning ahigherorderconcepbf edgesdy

modelingmoreglobally consistenedgedependenciesx-

plicitly from data.Thisis usefulsinceit allows usto prop-

agateedgeinformationthat could, for example, help de-
tecting dif cult-to-perceive edgesor neglecting edge-like

artifacts,roughly speaking.In interactive systemdik e the

onedescribedn theexperimentstheedgeevidencecanbe

propagated@crossheimage;thuswe couldusemorethan
simplylocal Iter response® nd edgeqandalsowithout
theneedof heuristicfor groupingthatarenotlearnedrom

data). We believe this is a sensibledevelopment.Promis-
ing resultsencourageisto investigatehisapproacHurther
and,aspartof future work, we intendto morethoroughly
measurets advantages.
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Figure8: An interactive systemto edgelabelingbasedn learn-
ing. First (blue) a userstartshy selectingedgesaccordingto
its conceptof 'edges’; then (red) the systemautomaticallypro-
posesdgeshy usingthelearned®lter responsalistributionsand
by propagatingevidenceacrossthe image. The usercan sub-
sequentlyre®nehis conceptof edges. In the ®rst set, the de®-
nition of edgeseemso be too general(horizontalbars),in the
secondset,the de®nitionis at ®rst morespeci®c;thusfewer and
morespecializededgesarefound. Laterin the secondsetof im-
agestheuserextendedts de®nitionof edgegnotetheaddedlue
edges)andthusanotherimageis obtanedbottom). In all cases
theedgeevidenceis propagatedyelpingto ®nd neighboringedge
regionswith notvery high ®lter responseAlthoughnotshavnin
this ®gure, regions aroundthe areaselectedby the usertendto
have lower posteriorentropy. Only MAP estimatesreshavn per
patch,thusthebestedgepatch(includingthe possibility of anon
edgepatch)areshavn. By furtheradjustinga probability or en-
tropy thresholdthe systemcould displayedgeswith high or low
uncertaintyasdesiredby theuser



