--  Submitted

Nov. 2003 -- .

Learning Edge Detection

Paper938

Abstract

Edge detectionis consideed oneof the fundamentalow-
level vision tasks. As a consequencenumenbus 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. This paper employsa data-drivenappmacd and
proposesa wayto build a de nition of edgesbasedalmost
entirely on exampleimageslabeledby humansubjects We
usea Bayesiamapproad to modeledges,couplingthein-
ferenceof edgesusing a factor graph. This allows us to
provide a probabilistic interpretation to edges and view
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, thismakesusthink thatthelossytransfor
mationthat corvertsanimageinto its edgemapis goodat
preservingheimageinformationaboutour world. Froma
computationaperspectie, thisis usefulsincemary fewer
bits aregenerallyneededo 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.

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 thinggseg[14] for moredetailin thistask).

There have beenseveral learning-base@pproacheso
edgeandboundarydetection We weremotivatedby these,
specially[10, 13]. Thebasicideaof learningadistribution
of Iter 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 Iter 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 grov exponentially Global modelshave been
attemptedfor example,to detectobjectspeci ¢ contours
(e.g.,[21]) with the expectedincreasen analyticalor nu-



mericalcomple&ity andthe needfor sampling(of course,
certainglobal but simple modelscan be dealt with ana-
Iytically). It is expectedthat objectspeci ¢ methodsdo
not scalewell to a generaledgedetectionsetting. As in
[10, 13], we will learnde nitions that are not objectde-
pendent.Unlike local Iter responsepproachesye will
learn more globally consistentedgede nitions explicitly
from data.Fig. 2 very brie y illustratesthatit maybe ad-
vantageou$o modelmoreglobaledgeconsisteny.

Employing probabilisticnon-localmodelsof edgesand
Iter responsess adif cult taskbecaus¢hecompleity of
inference thetaskof nding a distribution over edgeim-
ages,scalessxponentially(roughly on the orderof condi-
tional dependenciesiodeled).In orderto circumwentthis
problem,an interestingapproachwastaken in [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-
ity modelingthe regularitiesin the training data. In the
separatd¢askof segmentationglobally consistenimodels
have beenproposedfor examplee.g.,[16], basedon spec-
tral clustering,but theseapproachesre constrainedori-
marily to nd imageregions,not edges.In this paper we
proposeanapproacHhor learninga consistentmoreglobal
de nition of edgeshasedalmostentirely on training data,
andusingthemfor inferring consistenedgeimages.

We usea Bayesiarapproacho modeledgessmploying
the framework of factorgraphs.This allows usto provide
a probabilisticinterpretationto edgesand view the edge
detectionproblemas one of probabilisticinference. We
formally de ne amodelof edgesandthendescribea com-
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 consisteny.

2 Learning from User Segmentations

We areinterestedn building a probabilisticmodelthatre-
latesworld intensityimageswith correspondingdgesL et
I =1(k): ' <,with = f(i;j)ji 2 fL:Mg;j 2
f1::Ngg, denoteaM N image(theinput or obsened
image) from which we would like to nd edgesand let
X 2 f0;1gMN denotea randomvariable representing
its unknovn edges. We will employ image descriptions
basedon (deterministic)transformations () : <M N 1
<M N of theoriginalimage,with | = f1:::Lgandde ne
Y ) = ()(1); for example motivatedby Canry edgede-
tection[3], (1) could be the (per pixel) magnitudeof
the corvolution operationof | andthe secondderivative
of a Gaussiarfunction; thus producinganimageY (
is intendedto provide a morecorvenientrepresentationf
1). TheimageY () thuscomputedwill be consideredhe
actualobsenation(or actualinputimagethatwe will work
with). To make thinssimple,for now we will assumenly
onesuchtransformation, ,andde neY = (I).

Since we will be representingimagesin terms of
patchesit is opportungo de ne several patchbasedcon-
cepts.A patchis apixel setp of sizejPj (in thispaper
wesimply assumequarepatche®f dimensiond, Np).

Thusy, is apatchfrom Y composedy orderedpixelsin
p. Also ypik) Will denotethe patchwhich is centeredat
pixelk 2  (similarly for X). Sincea pixel is a special
caseof a patch,we will employ theletterk assubinde to
denotea pixel andp or q to denotepatcheqi.e.,morethan
onepixel).

2.1 Filter Responsesind Edge-Pixels

At the nest scalein our model,we relatea patchof Iter
responseandsingleedge(or non-edgepixels. De ne the
randomvariablez, 2 f0; 1g to representhe existence(1)
or not(0) of anedgepixel atlocationk in imageZ (Z is not
the nal edgeimagewe intendto nd, butanintermediate
randomvariable). A Iter responseatchy ., (centered
atk) follows amixture Normaldistribution conditionedon
Zk.

X
P(Yp(k)izk) = iN(Ypo: iz izy)s (1)

with ; = P(a= i),thusP i i = 1. Afactorgraph
for theseconditionaldependencieis shavnin Fig. 3(a)for
two Iter responsémages.For example,for zx = 1, this
intuitively stateghatedgegendto occurat particular Iter
patterngcenteredat pixel k), which is a reasonablstate-
ment(sincethisis the underlyingphilosophyof mostedge
detectiormethodse.g.,edgeccuratareasof zeroderiva-
tive crossings).For non-edgeszx = 0O, we usethe same
distribution form. We expectthatthe varianceparameters
will de ne broademMormaldistributions.

2.1.1 Learning Filter ResponseDistrib utions

For a particular lter , we will estimateall of the distri-
bution parametersisingMaximum Lik elihood (ML) esti-
mationgiven a datasebf imagesandtheir corresponding
edgeg(supervisedearning). This canbe relatively easily
accomplishedising the ExpectationMaximization Algo-
rithm (EM).

We train the modelfor bothzx = 0andz, = 1. Thus
tuning it to assignhigher probability to patcheghat tend
to look morelike edges(similarly, for non-edges).Simi-
larideaswerepreviously consideredn [8, 10, 13], (e.g.,by
building histogramsfor 'on' and'off' edges). However,
we do not expectthis to be enoughto accuratelylearnto
separateedgepixels from non-edgepixels. A key reason
for this is thatthe modelonly accountdor very local in-
teractionsijt only obsenesrelatively smallimageportions
at a time. Eventhoughin theorywe could learn,in the
sameway, increasinglylarger lter responselistributions,
thiswouldleadto anexponentiaimodelgrowth. In thenext
sectionsvewill seehow toimproveuponthesdimitations.

2.2 EdgeSegments

Edgesegmentsaresequencesf edgepixels. Herewe use
thetermedgesegmentasa sequencef edgepixelswithin
apatch.We de ne a conditionaldistribution over lter re-
sponsgatchesonditionedon anedgesegmentasfollows:

Y
P(Ypizp) =  P(Ypek)izk); )

k2p
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Figure3: FactorGraphsde®ningthe Generatie Model

wherep = fj 2 jy; depend®nz,g,i.e.y, is simply the
patchthatcontainsall the pixelsthatdependconditionally
onedgepatchz,.

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 Iter responseatchesare
independengiventhe correspondingegmentof edgepix-
els. The motivationis thatin this way we have upgraded
the conceptof edgepixel to the conceptof edgesegment
(edgewithin a path). This obeystwo directreasons(1) we
will seethatit is mathematicallynorecorvenientto de ne
adistribution over edgesggmentsand(2) the (mostglobal)
distribution over edgeimageswill bede ned with respect
to edgesggmentsandnot within edgepixels. Thisis fun-
damentalfor modelinglarge scaleedgeinteractionsand
at the sametime ensuringtractability of inference( nd-
ing a posteriordistribution over edgegyiveninput lIter re-
sponses)aswill beseenin therestof the paper

2.2.1 EdgeSegmentDistrib ution

Thebasicpremises thatnotall edgesegmentsareequally
likely. In orderto easdnferencewe will de ne a nite set
of admissibleor valid edgesggmentswithin a patch:

1 ifxp=12z,= Eforsome

P(zoiXp) = 0 otherwise (3)

wherex, is a patchthat belongsto the edgeimagethat
will beinferredandf Eg -;..; ; is the setof all pos-
sible transformedpatchesextractedfrom E, in short: an
edgedictionary®. Thisis illustratedby thefactorgraphin
Fig. 3(b), wherethe factorchecksthatx, = z, andthey
arein thedictionaryset.

2.3 Edgelmages

The edgeimage, denotedby X, is the imagewe arein-
terestedin inferring. We will assumethat a distribution

lFormally, is the setthat containsall valid topologicaloperations
thatcanbe performedon patchesrom E (e.g.,patchextraction,rotation,
scaling, etc), similar to [19]. In this papey eachoperator  : | !
£0;1gMp No (wherel is asetof images)simply extractsa patchfrom
animageset.

over edgeimagescanbereasonablynodeledn termsof a
Markov random eld (MRF) on edgesegmentswith pair-
wise potentials:

Y
(4)

(Xp; Xq)

P(X) = zi

(p:a)

where(p; g) indicateneighboringedgesegmentgpatches),
thepotential satis es (xp;Xq) > 0,andZ istheparti-

tion function. Thisimpliesthatedgepatchesarecondition-
ally independenof the restof theimage,giventhe neigh-
boring patches. This is a reasonablechoice since edge
patchesvill bede nedbig enoughle.g.,20 20)to account
for large-extendedgedependenciegart of our motivation

is alsobasednthatMRF's have beenfoundto be suitable
asstatisticalmodelsfor images[7, 5], sowe believe they

areasensiblechoicefor modelingedgedependencies.

2.3.1 Edgelmage Potentials

We de ne the potential(af nity) betweerpairsof patches
or edgesegmentsasfollows:

X i

expi C(xp?Xq; BE)=2g; (5)

(XpsXq) =
=1

where ? denotes patch concatenationand cropping
(Fig. 3(c)): the neighboringpatchpixels betweenx, and
Xq are concatenatedo form a patchof sizeM, Ny,

C is the Chamferdistance[1l] betweentwo patches,

is the mixture parametersand 2 <. In this paper

is uniform (all dictionaryelementsare equallylikely).

The potentialsindicate that two neighboringpatchesare
moreafne if whenproperlyconcatenatede.g.,up-down,
left right), they look like elementsfrom the training edge
setE aftertopologicaltransformationsiave beenapplied.

2.4 A Full Generative Model of Filter Responses

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

Y + Y
p(Y;Z;X) =
p I=1 k2p

P(Y 5l i2<)P (ZpiXp) P (X); (6)



wherep variesacrossall the non-overlappingpatchesin

the edgeimage. This equationde nes, at a coarselevel,

the probabilisticstructurein our model. Fig.3(d) showvs a

portion of a factorgraphassociatedvith this distribution.

In the next sectionwe will describehow to nd theedges
X giventhe lter responsey .

3 Algorithms for Inference

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

P
éQP\QHp p(yp(k)JZk)P(szXp)p(x)

P(XjY)= P
X Z p

wherefor simplicity we have ignoredthe productover I-
ter responses.This taskis referredto asinference. The
sumsin the denominatomale this taskintractable.Since
they cannotbefactorizedinto simplersums,the comple-
ity scalesexponentiallyonthesizeof theimage,0(2V V),
ahugenumberevenfor smallimages If we considethatat
somepointour modelassignsion-zeroprobabilityonly to
patchedsnf Eg -; thenthe compleity is O(2) 1)
(exponentiain theedgecilctlonarysue) still toolarge.An
alternatve task, MAP estimationjs to optimizeEq. 7 with
respecto X to nd themostprobableedgecon guration.
Lik ewise,nave optimizationalsohasworstcaseexponen-
tial compleity.

Belief propagation(BP) (a.k.a. the sum-productalgo-
rithm) [17] is amessag@assingnethodthatcouldbeused
to nd the conditionalmaminal posteriorprobabilitiesof
the hiddenrandomvariablesby computinglocal updates
basedon local dependenciebetweenvariables.BP is ex-
actin tree-structurechetworks, but not in networks with
loops(e.g.,MRF's), like in our case.Nevertheles8P has
beenshavn to performsurprisinglywell in loopy networks
[20, 6, 5, 19, 11, 15]. BP hasrecentlybeenbetterunder
stood,in [22] it wasshovedthatthe BP updateequations
are equivalentto iteratively solving self-consistenequa-
tionsresultingfrom nding the zero-gradienpointsof the
Betheapproximatiorto the Gibbsfreeenegy associatetb
thejoint probabilityin Eq. 6.

Givenall themodelparametergheupdatesquationgor
our modelcanbe easilyderived, althoughthereare mary
wasto schedulethe updates. We rst updatethe condi-
tional distributionsfor eachz, usingEgs.1 and2 andthen
updateeachx usingEq. 3. Themessagepdateis formed
by combiningthesethreeequations:

mg(xp) = 1Xp=2zp= BE)plypizp= E); (8)

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

mg(xq) (Xq; Xp) Mr1 q(Xq)
Xq r2N (ag)np
Mp(Xp) Mg p(Xp);
g2N (p)

Mg p(Xp) =

by (xp)

k2p P(Yp(k)JZK)P (ZpjXp) P (X)

(7

whereN denotesneighborhood. Since mg(xq) is very
sparse(almostalways zero), the summationcan be per
formedmoreef ciently. This wasa reasonfor the intro-
duction of the randomvariableZ andthe useof an edge
dictionary We can easily shav that, for our model, this
algorithm has compleity O(j j?). The following sum-
marizesthe differentstepsof the full algorithm,including
learningandinference.

EdgeLearning/Infer enceAlgorithm

Input: Image/Edgdraining dataand lter responsem-
agesy = fY (Dg(for each lter)

Output: P (xpjY ) for eachpatchp

)1. For each Iter, learnthe mixture modelsfor Iter re-
sponsémagesconditionedbn'on’ and'off' edgepix-
elsusingtrainingdata

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

3. For eachpatchp updatethe posteriordor:
Zp:
For = 1::L
- Makezp,=f Eg
— Computeposteriorby usingEgs.2 and1
Xp: computemessageandupdateposteriorusing
Eq. 8. Alternatively, make % of leastlikely mes-
sagevalueszero(to reduceBP compl«ity).

4. Foriters. 1,2,...
andfor eachp

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

(until corvergenceor up to Maxlter)

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

4 Experimental Results

In orderto testour approachye foundthe Berkeley Seg-
mentatiorDatase{14] anexcellentresourceThis databse
containdmagesmnanuallysegmentedy a large numberof
subjects.We simply usethesesggmentationedgebound-
ariesasthe indicatorsof edge'on'-'of f' In all the exper
iments,we estimatedthe parameter 2 usingan approx-
imation to maximum likelihood and the patch size was
setto 20  20. The numberof Gaussiansn the mixture
for the conditional Iter responsalistributionswasdeter
mined using minimum descriptionlength (MDL)[18], by
testingseveralmodelsizes.The Iters usedwereonly the
Laplacianoperatorwith 2 = 1 andthe magnitudeof the
imagegradient. Extendlngthls to otherclasseof lters
is straightforvard and part of future work. We may ex-
pectsomeperformancegainbasedntheconclusiongrom
[10, 13)).

First, we testedthe modelability to learndifferentways
to de ne edges. Initially we thoughtthata goodway to
testthis, giventhe resourcest hand,wasto nd two dif-



ferentsubjectsin the databasavith very distinctive ways
to draw edges.This turn out to be a dif cult task. We de-
cidedto useasimpleproperty theselectvity to placeedges
(e.g.,accordingto the amountof edgesplaced). Thus,we
took variousimagesfrom (A) onenot very selectve user
(onethatplacedots of edgesand(B) severalimagesfrom
variousvery selectve users(who placedvery few edges).
We took 10 imagesfor eachset. Fig. 4 shovs someof
theseimagesfrom thetwo classesThenwe train the sys-
temandcheckif thesedatapropertiesvereproperlymod-
eledusingour method.Fig. 5 shavs theimagesgenerated
by our system.Thesearethe MAP estimategor everyim-
agepatch.We canseethat, in fact,theedgeimagesfound
agreewith the choserpropertyof the training data. How-
ever, wewouldstill liketo testthesystemby learningother
properties.We expectthatthis couldbe doneby carefully
chosingnew interestingdataproperties.

In orderto testthe model accurag quantitatvely, we
alsocomparedheinferrededgeswith ground-truth.Fig. 6
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 saw that the patchentropy was
usually low; thusthe MAP estimateis a reasonablean-
swer The comparisorwasdonefor theresultsin classA,
sincethetrainingimagesall belongedo the samesubject
and groundtruth could be determinedeasily (we are not
sure how to de ne 'ground-truth’ for the several-subject
class).Wealso' twealed' by handthe Canry edgedetector
parameterandtherewasno consistentmprovementover
our method.

For our next experimentwe designeda basicinteractive
edge nder systemthattakesadwantageof the our model
properties. In this system,the userstartsmarking edges
manually and the systemthen globally determineswvhat
other pixels (connectedor not to the userde ned edges)
shouldbe marked asedgesaccordingto the learnedprop-
ertiesof the edgesalreadychosen.Our algorithmis very
well suitedfor this task. The stepsthatare performedare
(1) the lter responsdlistributionsarefound, now trained
accordingto the usermarked edges,(2) the dictionaryis
built, (3) the approximateposterioris found by employ-
ing our belief propagatiorupdatesput conditionedon the
markededgeqandof coursethe Iter responses)rhiscan
bedoneveryef ciently . Fig. 7 shovsthesystemat several
stages.Note that previous approacheshat are purely lo-
cal edgedetectorannotperformthis taskat this level of
sophistication. This is becausealuring classi cation edge
pixels are classi ed independentlyof neighboringedges.
In otherwordsthe evidencecannotbe propagatedcross
theimage.The MRF usedby our systemallows usto con-
dition the posteriordistribution of edgeshasedon theuser
input andthus propagatehe information. This effect can
provide bene tsthatcould greatlyeasethe usertask.

5 Discussion

Edgedetectionseemdo be anill-posedconcept.Our ap-
proachwasto learnthe edgeconceptfrom data. Building
simpleprobabilisticmodelsthat have gooddatamodeling
power andarealsotractableis challenging.We have pre-
senteda fully probabilisticapproactfor learninga model

Figure4: Trainingdatafor two differentclasseof users(center
andright)

andinferring edgeimages. This allowed us to provide a
full approximateposteriordistribution over edgesegments
givenaninput image. We employed ideasfrom approxi-
mateprobabilisticinferencewith the helpof factorgraphs.
Like otherlearningmethodswe have attemptedo model
Iter responsedyut unlike previousmethodswe have pur-

suedthetaskof de ning ahigherorderconcepbf edgesdy

modelingmoreglobally consistenedgedependenciesx-

plicitly from data.Thisis usefulsinceit allows usto prop-
agateedgeinformation that could, for example, help de-
tecting dif cult-to-perceive edgesor neglecting edge-like

artifacts,roughly speaking.In interactive systemdik e the
onedescribedn theexperimentstheedgeevidencecanbe
propagate@crosgheimage;thuswe couldusemorethan
simplylocal Iter response® nd edgegandalsowithout

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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