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Abstract

Perceptual organizationis scale-irvariant. In turn, a
s@mentationthat sepaates featues consistentlyat all
scalesis the desied onethat revealsthe underlyingstruc-
tural organizationof animage. Addressingcross-scalesor-
respondencevith interior pixels, we developthis intuition
into a generl sggmenterthat handlestexture and illusory
contoussthroughedgesentirelywithoutanyexplicit charac-
terizationof texture or curvilinearity. Experimentakesults
demonstatethat our methodnot only performson par with
either texture segmentationor boundarycompletionmeth-
odsontheir specializedexampleshut alsoworkswell ona
varietyof realimages.

1. Intr oduction

Thetaskof imagesegmentatioris to organizepixelsinto
regions of homogeneous$eaturesbasedon measurements
takenfrom intensityvalues.This problemis eas)if adjacent
regionshave differentbut uniform intensity (areasB, W in
Fig. 1a): computecontrasianddeclareedgesasboundaries.
However, this ideaof edges-forboundariesrunsinto trou-
blein areast andCin Fig. 1a: T hasnumerougdgeswithin
theregion,whereasC hasnoedgeslongtheboundary The
goalof this paperis to shav that, by formalizingthe single
notionof scaleinvariancefor sggmentationwe candevelop
agenerasgmenterthatis basedentirelyon edgesyetable
to dealwith bothtexture andillusory contours.

Textureandillusory contours presentn thesameimage
asin Fig. 1a,have oftenbeenstudiedin isolationusingtyp-
ical imagesasin Fig. 1b,c. Clearly, texture sgyregationre-
quirespoolingfeaturesoveralocalwindow in orderto sup-
presswithin-region edgeq3, 2], while contourcompletion
requireshigh-precisionedgelocalizationin orderto com-
plete gapsalongthe boundarie412]. Theserequirements
do not function at the samescale. Consequentlyboundary
completionmethodsareeasilyconfusedoy massie texture
edgeqFig. 1b:Canr), while texture sggmentatiormethods

are oblivious to sharpcontrastat boundarieqFig. 1c:Pb).
Furthermorebothmethodshave troubleproducingsatistc-
tory resultson whatthey aredesignedor: determiningthe
poolingwindow sizefor texture (Fig. 1b:Pb)andedge Iter
sizefor illusory contours(Fig. 1c:Canmy) is crucialto their
successyet estimatingthe optimalsizelocally is nontrivial
if notimpossiblg13].
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Figure 1. Segmentationshould handleboth texture and illusory
contours.For a: ageneraimage(313 166), b: atypicaltexture
image(256 256), c: atypicalillusory contourimage(100 100),

columns2-4 shav our resultsin comparisorwith thosefrom two

localboundarydetectorsCanry andprobabilistichoundarydetec-
tors[9]. Default parameteréin MATLAB implementationsvere
used.By designCanry useshysteresiso completeboundarygaps
without considerationdor texture, while Pb usestextonsto sup-
presstexture edgeswithout considerationgor illusory contours.
Furthermoretheir performanceon what they aredesignedor is
critically dependentn local scaleestimationwhich is nontrivial.



Someuniversal approacheso segmentationhave also
been proposed[8, 11]. Their idea for reconciling the
dilemmaposedby texture andillusory contoursis to ex-
plicity modeland monitor both of them,determinewhich
phenomenomiominatesandthenchoosethe right segmen-
tationtool to apply. For ageneratie approactsuchas[11],
it remainsto be seenwhetherit is applicableandpractical
for generalimagesotherthanthosethat t a smallnumber
of constituentmodels. For a discriminative approactsuch
as[8, 4, 9], ascanbeseenn Fig. 1:Pb,employing morefea-
turesdoesnot alwayshelp: textureis not fully suppressed
andboundariexouldbehallucinatedn simpleimages.

Thereforegxplicitly monitoringtextureandcontoursnot
only wastescomputationput alsointroducescrossinterfer
enceagainsteachother The reasonwhy a local method
which attemptsan ever complex operationto suppressex-
ture andpromoteweakcontourscanhardly succeeds that
both texture and contoursare intrinsically multiscalephe-
nomenaandthey arebestdealtwith ata globalintegration
level. Thisis thealternatve exploredin this paper

Thekey insightis simple: the perceved organizationof
an imageremainslargely intact whenthe imageis scaled
(Fig. 2). In turn, if a segmentationsatis esthis necessary
conditionof scaleinvariancethatis, it getsa goodscoreat
eachscale thenit probablyis the groupingthatwe desire.

Figure 2. Scaleinvarianceof segmentation. Row 1: Perceved
groupingof animageremainsstabledespitethat pixelsandedges
changeheiridentitiesacrosscalesRow 2: A key issuein scoring
a sggmentatioracrossscaless correspondenceinceasscalein-
creasespixelsbecoméuzzier, andedgescouldshift locations(S),
disappear(Dpr nenly emege(E).

Scaleinvarianceof groupingis often illustratedby the
Gestaltlaw of proximity, whereequalscalingof horizontal
andverticalseparationsf adotarrayis shavn to have little
effectsonthepercevedgrouping[7]. However, suchinvari-
anceto globalscalingis trivial: theelementgo begrouped,
the dots remainin one-to-onecorrespondencever scales,
andthefeatureusedin grouping,thedistance remainscon-
sistentandindicative of the samegroupingover scales.

What s truly remarkableaboutthe scaleinvarianceof
perceptuabrganizationis thatthe perceved groupingof an
imageremainsstabledespitethefactthatpixelsat different
scalesdesignatedifferent grouping elementsand the fea-
turesthatwe areableto extractalsochangecharacteristics
acrossscaleqFig. 2). A coarse-scalpixel denotesa local
assemblyof ne-scale pixels. However, it doesnot repre-
sentthemequallywell. Furthermoregedgesextractedat a
coarsescalecouldshift locationsfrom their ne-scalecoun-
terpartsdisappeaor emegesimply asnew featureghatdo
nothave a counterparat ne scales.

Hence,to evaluatea groupingat multiple scales,pixel
correspondencenust be established. Obsene that both
aforementionedleformationproblemsare most severe for
borderpixels, while interior pixels often sustaintheir cor-
respondencever scales. Our ideais thusto nd interior
pixelsat eachscaleandusethemto relateto the next scale.
They oftenappeaasmedialaxes[5] atvariousscales.

Roughlyspeakingasscaleincreasestexture evensout,
while boundarygaps becomesmaller and thus easierto
complete. A furtherinsightis illustratedin Fig. 3. The
homogeneityof local statisticshasalways beenthe prop-
erty usedto tackletexturesggmentatiori3, 2], whereagon-
tour continuity hasalwaysbeenthe propertyusedto tackle

edgesat 2 scales

interior pixelsat 2 scales

Figure3. Why a multiscaleframevork candealwith bothtexture
(Fig. 1b) andillusory contours(Fig. 1c). Row 1: Texture bound-
ariesarerevealedin multiscaleedgeswhich consistentlyseparate
interior pixels at their correspondingcales. Row 2: Boundary
gapsarecompletedor conformingto groupingcuesobtainedwith
largeraperturesLack of edgesin a smallsurround(thin outlines)
tendsto groupthe two marked pixels, but con guration of edges
in alargersurround(thick outlines)tendsto segregatethem.
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Figure 4. Algorithm overview. |s:

groupingcues

Multiscale versionsof the original image are computed. Es:

segmentation

Edgesare extractedat eachscale.

Bs: Interior pixels aresubsequently:omputed Ws: Groupingcuesthatareoriginally de ned on coarse-scalpixels from coarse-scale
edgesarerecti ed for original pixels. X s: Optimizingthetotal goodnes®f groupingbasedon Ws leadsto a hierarcly of coarse-to- ne
segmentationsThesearethe segmentationshat respecscaleinvariancewith textureandillusory contoursnaturallytaken careof.

boundarycompletion[10, 12], yetbothof themresultnatu-
rally whenanimageis examinedacrossscales.

With re nement, the edges-forboundariesdoctrine is
correctafterall: boundariesmanifestthemselesin multi-
scaleedgeghatseparaténterior pixelsconsistentlyachar
acteristicthat texture edgeslack while illusory contours
possesaswell asordinaryboundarieslo.

Illustratedschematicallyin Fig. 4, our approactformu-
lates scale invarianceas an optimization of one type of
groupingcriterion,basedn onetypeof groupingcue,from
onetypeof feature,.e.,edgesFig. 1 shovs our sggmenta-
tion resultson typical textureandillusory contourimages.

Therestof thepaperdetailshow we extractfeatures,nd
the correspondencelerive groupingcuesin multiple aper
tures,rectify themfor original pixels,and nally integrate
themto discover segmentationghat are consistentlygood
over scales.Our resultson a variety of imagesdemonstrate
thata universalsegmentetbasedn entirely edgess possi-
ble without explicitly modellingtextureor curvilinearity

2.Model

A straightforvardimplementatiorof scale-ivariantsey-
mentationwould be: given an image, generatets scaled
versions; score a sggmentationon every scaledimage;
searchover all sggmentationsand pick the one that gives
thebesttotal score.Fourissuesareinvolved.

1. Whatfeatuesto extract fromtheimage? We will use
onetypeof feature thatis, edges.

2. Whatgroupingcuesto derivefromthesefeatues?We
will useonetypeof groupingcue,thatis, pixel af nity from
elongatedinterveningcontours.

3. How to relate sgmentationsacrossscales?We will
derive data-drven correspondencéetweenpixels across
scalesthroughwhichgoodnessf groupingatcoarsescales
canbeprojectedackto theoriginalimageandbesummed.

4. How to nd the optimumof the total goodnessef-

ciently? We will formulate the segmentationproblem
in graphtheory as a simultaneouscut through a stack of
graphsgeachcapturingthe goodnes®f groupingat a scale.
Nearglobaloptimacanthenbe computecef ciently .

2.1.Feature: Multiscale Edges

A coarse-scalémage is often obtainedby Gaussian
smoothingfollowed by subsamplingSubsamplindhastwo
adwantagesreduceredundang andallow the samefeature
extractor at eachscale. However, sufcient smoothingis
requiredin ordernotto introducespuriousfeatures.

Proposition 1. To avoidaliasingwhile subsampling dis-
creteimage with period T following Gaussiansmoothing
the Gaussiammusthavea standad deviation T.

Proof. Accordingto the SamplingTheoremanimagecan
be representedy its samplesof period T if it is band-
limited to the Nyquist frequeny +. Since Gaussian()
in spacedomaincorrespondso Gaussiant) in frequeng
domain,assuminghat Gaussian() is practicallyzeroout-
sidethe  range,ary imagecorvolved with Gaussian()

is band-limitedto —. Therefore,~  +, or T. O

Therefore,to reducean imageby half, = 2 should
be used. The oftenused Iter [1;4; 6; 4; 1] in constructing
a Gaussiarpyramid[1] approximate$aussiarof = 1.1
andcancauseliasing.Aliasingin subbandmagesds notan
issuefor signalcoding, but shouldbe avoidedwhenedges
arefurtherextractedto be correlatef region boundaries.

Showvn in Fig. 5, we rst build a Gaussiampyramidwith

= 2 andsubsamplingoeriodof 2. An edgepyramidis
obtainedby applyingthe samesetof quadraturelters F,
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Figure5. Extractfull-size multiscaleedge<E s throughpyramids.



andF. [8] to eachlevel of the pyramid. The edgestrength
is measuredby quadratureenepy E:

E=( Fo)’+ (I Feo2 (6

Upsamplingthe edgeimagesbringsthembackto full size.
We denoteeachby E ¢, wheres is thescale.

2.2.Cue: ElongatedInter vening Contours

Intervening contours(IC) betweentwo pixels, p and
g, refer to edgesthat intersectthe line connectingthem
(Fig. 6). The strongerthe IC, the lesslikely that the two
pixelsarein the sameregion [8]. We de ne pixel af nity:

maX;» line(p;q) E (t)
IC

Aic(p;q) = exp (2
Thisde nition effectively encodegpixel intensitysimilarity
(throughE), corvexity (throughline(p;q)) and boundary
closure(throughregion sggmentatioron pixels).

Ac(p;g =1 q
q —_—
N +
. —

0
q p

Figure6. Pixel af nity A,c only looks at local edgescuttingthe
line connectingwo pixels. It is susceptibléo missingedges.

Justas image featuresshould be extractedat multiple
scales,groupingcuesfrom featuresshouldalso be exam-
inedat multiple scales lllustratedin Fig. 3, thekey to illu-
sory contourcompletionis to capturepixel groupingrela-
tionshipswithin multiple aperturesWe rationalizetheintu-
ition with elongatedinterveningcontourgFig. 7), log-polar
neighbourhoodFig. 8), andpullbackaf nity (Fig.9).

First, to derive desiredpixel groupingcuesin the pres-
enceof illusory contours,edgesshouldbe lengthenedas
distanc€p;q) increaseqFig. 7). We formalize the pixel
afnity from elongatedinterveningcontours(EIC) usinga

Agic(p;g=0 q

0
a p p p

Figure 7. Pixel afnity Ag c looks at increasinglylengthened
edgeghat cut throughline(p; q) asdistancép;g) increaseslt is
resistanto missingedgesalongillusory contours.

recursvede nition onakernel ThekernelK (p;d) denotes
the af nity betweenp andits immediateneighbourp + d

alongdirectiond. For example,asin Egn. (2), edgesat

scales de ne thefollowing kernelK g (s):

max(Es(p); Es(p + d))

Ke(p;d;s) = exp ~ (3)
TheEIC afnity from kernelK is de ned by:

K*(p;d) = K (p;d); (4)

Kipdy= min K" Gd; ®)

Aeic(pip+n diK)= min K"(p+t did); (6)

whered? is the direction perpendiculato d. K "(p;d) is
the afnity betweenp andp + d basedon EIC of length
2n 1, whereasA|c assumeK" = K. Notethatthe
recursionis performedndependenthalongeachdirection.

Secondjo take advantageof the redundang introduced
by theedgelengtheningwe only needpixel af nity for log-
polarneighbours.This ef ciently capturesa pixel's group-
ing preferencen alarge neighbourhoodFig. 8).

radius:1;2; 4; 8; :::

direction:0 ;45 ;90 ;:::

Figure8. Log-polarneighbourhoodof the centemixel p).

The EIC af nity encodescurvilinearity by carving the
grouping relationshipsamongthe pixels that give rise to
boundaries.In Fig. 9a, a pixel haslarge af nity with the

adjacentpixel acrossanillusory contour but little af nity
with far neighbourslueto blockagefrom nearbyedges.
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c:Aeic(Kp)

ofghe o

a:Ag c(Kg) b:externalscaler
Figure 9. Pullbackafnity . a, c shawv the afnity elds at the
samefour pixels overlaid on theimage. b: externalscaleat each
pixel, lighter gray for larger values. Kp is derived by pulling
Ag i c (Kg) valuesatradiusr backto radiusl. Pullbackaf nity

Aeic(Kp) propagitesthekernelK p to thefull neighbourhood.



Third, we canthusfurtherimprove theaccurag of pixel
groupingcuesby allowing eachpixel to pull its af nity with
far neighboursackto its immediateneighbours.The dis-
tanceat which we pull backthe af nity depend<n some
measuref the externalscale[6] of the pixel. It is de ned
asthesmallestadiusbeyondwhich Ag| ¢ (K) is all trivial:

r(p) = minfr : Ag,c(p;p+ (r+ 1) d;K) < ;8dg; (7)
where is athresholdhatindicatesanaf nity valuetrivial.
K = Kg if s= 1; K = Kg otherwise(de nedin thenext
section).NotethatAg, ¢ is anon-increasindunctionof r
for ary directiond. The pullbadk kernelK p is de ned by
theafnity with farneighboursatexternalscales:

Kp(p;d) = Agic(psp+ r(p) dK): (8)

Shavnin Fig.9c,K p notonly assimilatesheexternalscale
of individual pixels, but also robustly capturestheir non-
isotropic preferences. Since the pullback kernel re ects
pixel groupingcuesseenfrom a larger aperture the sub-
sequentlypropa@tedaf nity Agc(Kp) is moreeffective
atful lling contourcompletionrequirements.

Our pullbackaf nity canbe viewed as deblurringillu-
sory contours. The external scaler adaptvely determines
the extentof blurring andthe pullbackaf nity Agc(Kp)
re ects the sharpenethoundariesfterdeblurring.

2.3.Pixel CorrespondenceacrossScales

Whenanimageis smoothedpixelsbecomeduzzier, cor
nersroundedand edgesshifted. A pixel originally inside
a cornercould becomeoutsidea corner(Fig. 5). Clearly,
groupingcuesfor fuzzy pixelscannotbedirectly transferred
to original pixels, exceptfor thoseinsideregions. We thus
useinterior pixelsascorrespondencleubs,i.e., for aninte-
rior pixel, we usethecoarse-scalpixel atthesamdocation
to representt at that scale;for a borderpixel, we usethe
coarse-scaleepresentate of its bestinterior friend.

Werationalizethebestinterior friend asthecenterof the
massof apixel'safnity eld. It staysatthesamelocation
for aninterior pixel, while shifting towardstheregion inte-
rior for a borderpixel. Formally, for pixel p at scales, let
Bs: (p) beits correspondingestinterior friend ata coarser
scalet. We iteratethe centerof masscomputatiom times
(n = 5isused)to obtainone-stegorwardmappingB s +1 ,
andconcatenatiogivesthe mappingfrom scalel to s:

Bg;s a(p) = % 9)

q AFF 1c(p; 0 Ke () Ble & (0) ]
qAeic(pig Ke(s))

Bss+1 = Bss;s+1: (11)

BQ;S «a(p) = (10)

Bl;s+1 = Bs;s+1 Bl;s;

Fig. 10illustratesthe evolution of the forward mappingand
theemepgenceof medialaxesasbestinterior friends.
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Figure10. Pixel correspondencis establishedby mappingpixels
to their bestinterior friends.a,b: Forward mappingatthe rst and
the nal iteration. c: Numberof voteseachpixel getsasthe best
interior friend. The darker the morevotes(moremedial-axidik e).

With Bj.s, we de ne badprojectedkernelK g for the
afnity betweeroriginal pixelsbasedn scales edges:

Kg(p;d;s) = Agic(B1s(p);Bys(p+ d); Ke(s): (12)

NotethatK g (p;d;s) is de ned for pixels at a distanceof
25 1 pixels apart (Fig. 11), since coarse-scal@dgesare
only meaningfulat thatresolution[13]. The corvexity im-
plied by EIC is preseredin Ag | ¢ (Kg), sinceit is propa-
gatedfrom K g to thefull neighbourhood.

L e
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Aeic(Ke(2) = Aeic (KB (2)) = Aeic(Kp(2)

Figure 11. Pixel af nity from coarse-scaledges. For the same
four pixelsin Fig. 9, herearetheiraf nity elds for scale-2pixels,
their projectionto scale-1pixels,andthenthe pullbackversionat
scalel. Notethatneighbourdistancancreaseso 2 atscalel.

Thebackprojectedfnity Ag|c(Kg) is moreaccurate
for bothtexture andweakcontours.Thereasorfor thefor-
meris thatpixelsoriginally separatedty textureedgegend
to have largeaf nity betweertheir coarse-scalespresenta-
tives,while pixelsacrossllusory contoursare mappedar-
ther away and thus more likely to be segregated by EIC.
When examinedacrossscales,pixel groupingcuesbased
entirely on edgesare capableof both suppressindexture
andpromotingillusory contours.

Ourrecti cation from Ag ¢ (Kg) to Ag c(Kg) is es-
sentiallyencodingcoarse-scaldominantstructuresvithout
losing original pixel resolutionvia a denoising-deblurring
procedureAg | c (K g ) accentuatesoarse-scalteaturede-
tails as in denoising,whereasthe backprojectedversion
Ag c (Kg) sharpensheboundariessin deblurring.

To recapitulate,edgesat scales lead to EIC af nity
Age c(Kg) betweenpixels at scales. It is rst recti ed



to Agc(Kpg) for pixels at scalel, andthen pulled back
to generatéAg | c (Kp) (Fig. 11). If we have a total of ng
scaleswe endupwith astackof 2ng pixel af nity measure-
mentsall de ned ontheoriginal pixels. We denotehemby
matricesW;,t= 1: M, M = 2n;g.

2.4 Grouping Criterion and Its Solution

To scoreagroupingwith pairwisepixel af nity , weadopt
thecriterionof averagesatistctionthatk groupsassume:

1 02 groupl satishction(p)
goodnes®f grouping= K ~ sizeof group (13)
P -

q afnity (p; @) : p;qin onegroup

totalaf nity p has

satishction(p) = (14)
Thenormalizationby the sizeof eachgroupis essentiafor
promotingsize balance.Otherwise,a trivial groupingthat
isolatesalonepixel from therestwouldbehighly desirable.

Given previously obtainedafnity W, t = 1: M, we
evaluatea sggmentatiorusing:

b
total score= goodnes®f groupingfrom af nity W;: (15)
t=1

Sucha criterion hasbeenconsideredn [13]. It canbede-
scribedin a graph-theoretidramewnork as a simultaneous
cut acrossa stack of graphswith weight matricesf W;g.
The optimal solutionin the relaxed continuousdomainis
shawn to bethe eigervectorscorrespondingo thek largest
eigervaluesof W, where

hd
W = WD, '+ D, *wi; (16)
t=1

P
andD; is adiagonalmatrixwith D¢(p;p) =, Wi(p;0).
Ideally, pixelsin the samegrouparemappedo similar val-
uesin the continuousigensolutiongFig. 12).

J-

Figure12. The rst 5 eigervectors. Thresholdingtheseimages
with meanvaluesgivesthe centerillusory squareand4 L-shapes.

In additionto encodingthe right cuesfor texture sey-
mentationand contour completionin multiscale af nity ,
the integration criterion which encapsulatescale invari-
ancethroughEqgn. (13) to (15) helpsto bring out the de-
siredsggmentation Here,the satishctionof individual pix-
elsis de ned by the proportionof af nity containedwithin
its group,sothatthetotal af nity a pixel has(rich or poor)

doesnot matter This boostsin the total scorethe signif-
icanceof pullbackaf nity andbackprojecteccoarse-scale
af nity , which often have fewer but moreaccurateconnec-
tions. For example,considera pixel nearanillusory con-
tourin Fig. 9. Ag|c(Kg) dominatesAg | c(Kp) in terms
of total af nity . However, asthetotal af nity is discounted,
separatiorfrom its neighboursacrossthe illusory contour
inducesa%100satishctionfor Ag, c (K p ), driving theop-
timal sggmentatiorto occuralongillusory contours.

2.5 Algorithm

Givenafnity parameters,c, neighbourhoodadiusr,
signi cance threshold , numberof scalesng, humberof
segmentsk, sgmentatiorof imagel is donein 3 steps.

Stepl: Computefull-size edgesat multiple scales:
Is = subsamplds 1 GaussiafR);2),1;=1,s= 2:ng
Es = upsamplé(ls Fo)2+ (Is Fe)%;2° 1),s=1:ng

Step2: Computepixel groupingcuesat multiple scales:
t=0;B11(p) = p,8p
Fors= 1:ng,
Computeaf nity kernelfrom edgesatscales

Ke(p;d;s) = exp T*(Es@Es(E+d) gpq

I1C

Find correspondencley one-stegdorward mapping
Bos+1 (P) = . 8p

_  qAsic(PAKe()NBI L (@ _ 4.
Bisw () = — c|AE|c(p;q:KE(S))1 n=1:5

— . — 5
Bl;s+1 = Bs;s+1 Bl;s- Bs;s+1 - Bs;s+1-

Rectify af nity by backprojectionwith d scaledoy 25 1
Kg(p;d;s) = Aeic(Bas(p);Bas(p+ d); Ke(s)), 8p;d
W = Agic(Kg(s),t=t+1

Derive pullbackaf nity atscalel:

r(p) = minfr : Agic(p;p+ (r + 1)d;Kg (s)) < ;8dg, 8p
Kp(p;d;s) = Aeic(p;p+ r(p) d;Kg(s)),8p;d
Wi = Agic(Kp(8),t=t+ 1
Step3: (r_;omputegraphcuts:
w= M wD,+D, W
t=1 YVttt t t
Solvefor the rst k eigervectorsvV of W
Obtainadiscretesggmentatiorfrom V (e.g.[14]).
3. Resultsand Discussions
We implementthe algorithmin MATLAB. ¢ = 0:02

r=2% =03 k= 10, ns = 4, andquadraturelters of
8 orientationsareusedfor all ourimages.

In Fig. 13andFig. 14, we compareresultsfrom two ad-
vancededgedetectors:Canty andPbasin Fig. 1, andtwo
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Figure13.Comparisorof resultson BSDSimageq9]: Canry, Pb,
previouswork [13] andthiswork. For thelattertwo, thenumberof

segmentss manuallychoserin orderto outline objectsof interest
with thefewestsegments.Canry andPbcanonly tell pixelson/off

aboundary Thereis no senseof pixel groupingor differentiation
of boundaryscales.Textureis notfully suppressedlheseimages
have gapsandelongatedshapeghatcausecon icting cuesatdif-

ferentscales Without cross-scaleonsisteng, previouswork eas-
ily getsconfusedwith cross-scaleonsisteny, this work is able
to discover the major structuresharacterizethy scaleinvariance.

region segmenters:previous work, which usesmultiscale
edgedhut without addressingap completionor cross-scale
consisteng [13], andthis work. Theseresultsdemonstrate
that: 1) at the featurelevel, texture edgescannotbe fully
suppressedyor can contourgapsbe correctly completed,
despitethe bestefforts to estimateoptimal local scales;2)
employing implicit gap completionand enforcing cross-
scaleconsisteny, ouredge-basedpproacttansegmentout
large scale-ivariantregions without losing ne details of
their boundaries.

We cancollapseour coarse-to- neboundarymapsinto
a probabilisticboundarynesmeasurdgFig. 15) andbench-
markour segmenterasin [9, 4]. Higherprecisionbut lower
recallis expectedover alocal detector(e.g. Canry or Phin
Fig. 1), sinceour global region sggmenter nds big pieces
rst (Fig. 15, Fig. 16).

Thesearelow-level imagesegmentation$asedentirely
on intervening contours which encodeGestaltlaws of in-
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Figurel4.Comparisorof Canry, Pb,previouswork andthis work

on moreBSDSimages.Note thatour sggmentation$ave coarse-
scaleregions,yetthey retain ne boundarydetails. It takesabout
2 minutesto segmentthesel60 240imagesonalinux machine
with 2GHz CPU and 2GB memory Thereis no needto learn

ary modelsor parameterfrom sometrainingimagesabouteither
textureor contourcompletion.
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Figure15. Coarseto ne segmentationdor theimagein Fig. 1a
(Columns1-3). Column4: one probabilisticboundarymap ob-
tainedby summingall theboundariegrom the coarse-to- nesgg-
mentationsRow 1: Previouswork [13]. Row 2: this work. With
gap completionandcross-scaleonsisteny, we have moreaccu-
rate and consistentboundaries. Theseare also relatively major
boundariesvith respecto thosein Fig. 1a:Cang or Ph

Figure16. More sggmentatiorresultson imagesthathave promi-
nenttexture, clutteror illusory contours.

tensitysimilarity, convexity, closureandcurvilinearity The
resultsthus re ect a tradeof amongthesemultitudes of
groupingfactors. To humanobsenrers, we are constantly
subjectto objectattentionandvariousforms of perceptual
constang. To our algorithm,thereareonly 2 essentiapa-
rameters, ;¢ andr, which are appliedeverywherein an
image.For example,to make surenot to missweakedges,
avery small ¢ is used. This makes even unnoticeable
shadev edgessigni cant. Neverthelesspur methodis able
to rely onthemorestabledescriptorgo handlebothtexture
andillusory contours:thatis, groupingconsisteng across
scalesfor the former androbust spatialcon guration over
longerrangesfor the latter (Fig. 3). A global integration
overthesdocal descriptorsevealsforemostargelow-level
organizationghata goodsegmentatiorshouldhave.
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