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Abstract

Perceptual organizationis scale-invariant. In turn, a
segmentationthat separates features consistentlyat all
scalesis thedesiredonethat revealstheunderlyingstruc-
tural organizationof an image. Addressingcross-scalecor-
respondencewith interior pixels,we developthis intuition
into a general segmenterthat handlestexture and illusory
contoursthroughedgesentirelywithoutanyexplicit charac-
terizationof texture or curvilinearity. Experimentalresults
demonstratethatour methodnotonlyperformsonpar with
either texture segmentationor boundarycompletionmeth-
odson their specializedexamples,but alsoworkswell on a
varietyof real images.

1. Intr oduction

Thetaskof imagesegmentationis to organizepixelsinto
regions of homogeneousfeaturesbasedon measurements
takenfrom intensityvalues.Thisproblemis easyif adjacent
regionshave differentbut uniform intensity(areasB, W in
Fig. 1a): computecontrastanddeclareedgesasboundaries.
However, this ideaof edges-for-boundariesrunsinto trou-
blein areasT andC in Fig.1a:T hasnumerousedgeswithin
theregion,whereasC hasnoedgesalongtheboundary. The
goalof this paperis to show that,by formalizingthesingle
notionof scaleinvariancefor segmentation,wecandevelop
a generalsegmenterthatis basedentirelyon edgesyet able
to dealwith bothtextureandillusory contours.

Textureandillusory contours,presentin thesameimage
asin Fig. 1a,haveoftenbeenstudiedin isolationusingtyp-
ical imagesasin Fig. 1b,c. Clearly, texturesegregationre-
quirespoolingfeaturesovera localwindow in orderto sup-
presswithin-region edges[3, 2], while contourcompletion
requireshigh-precisionedgelocalizationin order to com-
pletegapsalongthe boundaries[12]. Theserequirements
do not functionat thesamescale.Consequently, boundary
completionmethodsareeasilyconfusedby massive texture
edges(Fig. 1b:Canny), while texturesegmentationmethods

areoblivious to sharpcontrastat boundaries(Fig. 1c:Pb).
Furthermore,bothmethodshavetroubleproducingsatisfac-
tory resultson whatthey aredesignedfor: determiningthe
poolingwindow sizefor texture(Fig. 1b:Pb)andedge�lter
sizefor illusory contours(Fig. 1c:Canny) is crucial to their
success,yetestimatingtheoptimalsizelocally is nontrivial
if not impossible[13].
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Figure 1. Segmentationshouldhandleboth texture and illusory
contours.For a: a generalimage(313� 166), b: a typical texture
image(256� 256), c: atypicalillusory contourimage(100� 100),
columns2-4 show our resultsin comparisonwith thosefrom two
localboundarydetectors:Canny andprobabilisticboundarydetec-
tors [9]. Default parametersin MATLAB implementationswere
used.By design,Canny useshysteresisto completeboundarygaps
without considerationsfor texture, while Pb usestextonsto sup-
presstexture edgeswithout considerationsfor illusory contours.
Furthermore,their performanceon what they aredesignedfor is
critically dependenton local scaleestimation,which is nontrivial.



Someuniversal approachesto segmentationhave also
been proposed[8, 11]. Their idea for reconciling the
dilemmaposedby texture and illusory contoursis to ex-
plicitly modelandmonitorbothof them,determinewhich
phenomenondominatesandthenchoosetheright segmen-
tationtool to apply. For agenerativeapproachsuchas[11],
it remainsto beseenwhetherit is applicableandpractical
for generalimagesotherthanthosethat �t a smallnumber
of constituentmodels.For a discriminative approachsuch
as[8, 4,9], ascanbeseenin Fig.1:Pb,employing morefea-
turesdoesnot alwayshelp: texture is not fully suppressed
andboundariescouldbehallucinatedin simpleimages.

Therefore,explicitly monitoringtextureandcontoursnot
only wastescomputation,but alsointroducescrossinterfer-
enceagainst eachother. The reasonwhy a local method
which attemptsanever complex operationto suppresstex-
tureandpromoteweakcontourscanhardlysucceedis that
both texture andcontoursare intrinsically multiscalephe-
nomena,andthey arebestdealtwith at a global integration
level. This is thealternative exploredin thispaper.

Thekey insight is simple: theperceivedorganizationof
an imageremainslargely intact when the imageis scaled
(Fig. 2). In turn, if a segmentationsatis�es this necessary
conditionof scaleinvariance,that is, it getsa goodscoreat
eachscale,thenit probablyis thegroupingthatwedesire.
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Figure 2. Scaleinvarianceof segmentation. Row 1: Perceived
groupingof animageremainsstabledespitethatpixelsandedges
changetheiridentitiesacrossscales.Row 2: A key issuein scoring
a segmentationacrossscalesis correspondence,sinceasscalein-
creases,pixelsbecomefuzzier, andedgescouldshift locations(S),
disappear(D)or newly emerge(E).

Scaleinvarianceof groupingis often illustratedby the
Gestaltlaw of proximity, whereequalscalingof horizontal
andverticalseparationsof adotarrayis shown to havelittle
effectsontheperceivedgrouping[7]. However, suchinvari-
anceto globalscalingis trivial: theelementsto begrouped,
thedots, remainin one-to-onecorrespondenceover scales,
andthefeatureusedin grouping,thedistance, remainscon-
sistentandindicative of thesamegroupingover scales.

What is truly remarkableaboutthe scaleinvarianceof
perceptualorganizationis thattheperceivedgroupingof an
imageremainsstabledespitethefactthatpixelsatdifferent
scalesdesignatedifferent groupingelementsand the fea-
turesthatwe areableto extractalsochangecharacteristics
acrossscales(Fig. 2). A coarse-scalepixel denotesa local
assemblyof �ne-scalepixels. However, it doesnot repre-
sentthemequallywell. Furthermore,edgesextractedat a
coarsescalecouldshift locationsfrom their �ne-scalecoun-
terparts,disappearor emergesimplyasnew featuresthatdo
nothave acounterpartat �ne scales.

Hence,to evaluatea groupingat multiple scales,pixel
correspondencemust be established. Observe that both
aforementioneddeformationproblemsaremostseverefor
borderpixels, while interior pixels often sustaintheir cor-
respondenceover scales. Our idea is thus to �nd interior
pixelsat eachscaleandusethemto relateto thenext scale.
They oftenappearasmedialaxes[5] at variousscales.

Roughlyspeaking,asscaleincreases,textureevensout,
while boundarygaps becomesmaller and thus easierto
complete. A further insight is illustrated in Fig. 3. The
homogeneityof local statisticshasalways beenthe prop-
ertyusedto tackletexturesegmentation[3, 2], whereascon-
tour continuityhasalwaysbeenthepropertyusedto tackle
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Figure3. Why a multiscaleframework candealwith bothtexture
(Fig. 1b) andillusory contours(Fig. 1c). Row 1: Texturebound-
ariesarerevealedin multiscaleedgeswhich consistentlyseparate
interior pixels at their correspondingscales. Row 2: Boundary
gapsarecompletedfor conformingto groupingcuesobtainedwith
largerapertures.Lack of edgesin a smallsurround(thin outlines)
tendsto groupthe two marked pixels,but con�guration of edges
in a largersurround(thick outlines)tendsto segregatethem.
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Figure 4. Algorithm overview. I s : Multiscale versionsof the original imageare computed. E s : Edgesare extractedat eachscale.
B s : Interior pixels aresubsequentlycomputed.Ws : Groupingcuesthat areoriginally de�ned on coarse-scalepixels from coarse-scale
edgesarerecti�ed for original pixels. X s : Optimizingthetotal goodnessof groupingbasedon Ws leadsto a hierarchy of coarse-to-�ne
segmentations.Thesearethesegmentationsthatrespectscaleinvariance,with textureandillusory contoursnaturallytakencareof.

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

With re�nement, the edges-for-boundariesdoctrine is
correctafter all: boundariesmanifestthemselvesin multi-
scaleedgesthatseparateinteriorpixelsconsistently, achar-
acteristic that texture edgeslack while illusory contours
possessaswell asordinaryboundariesdo.

Illustratedschematicallyin Fig. 4, our approachformu-
lates scale invarianceas an optimization of one type of
groupingcriterion,basedononetypeof groupingcue,from
onetypeof feature,i.e.,edges.Fig. 1 shows our segmenta-
tion resultson typical textureandillusory contourimages.

Therestof thepaperdetailshow weextractfeatures,�nd
thecorrespondence,derive groupingcuesin multiple aper-
tures,rectify themfor original pixels,and�nally integrate
themto discover segmentationsthat areconsistentlygood
over scales.Our resultson a varietyof imagesdemonstrate
thata universalsegmenterbasedon entirelyedgesis possi-
blewithoutexplicitly modellingtextureor curvilinearity.

2. Model

A straightforwardimplementationof scale-invariantseg-
mentationwould be: given an image,generateits scaled
versions; score a segmentationon every scaled image;
searchover all segmentationsand pick the one that gives
thebesttotal score.Four issuesareinvolved.

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

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

3. How to relatesegmentationsacrossscales?We will
derive data-driven correspondencebetweenpixels across
scales,throughwhichgoodnessof groupingatcoarsescales
canbeprojectedbackto theoriginal imageandbesummed.

4. How to �nd the optimumof the total goodnessef-
�ciently? We will formulate the segmentationproblem
in graphtheory as a simultaneouscut througha stackof
graphs,eachcapturingthegoodnessof groupingat a scale.
Near-globaloptimacanthenbecomputedef�ciently .

2.1.Feature: Multiscale Edges

A coarse-scaleimage is often obtainedby Gaussian
smoothingfollowedby subsampling.Subsamplinghastwo
advantages:reduceredundancy andallow thesamefeature
extractor at eachscale. However, suf�cient smoothingis
requiredin ordernot to introducespuriousfeatures.

Proposition 1. To avoidaliasingwhile subsamplinga dis-
crete image with period T following Gaussiansmoothing,
theGaussianmusthavea standard deviation � � T .

Proof. Accordingto theSamplingTheorem,an imagecan
be representedby its samplesof period T if it is band-
limited to the Nyquist frequency �

T . Since Gaussian(� )
in spacedomaincorrespondsto Gaussian(1� ) in frequency
domain,assumingthatGaussian(� ) is practicallyzeroout-
sidethe � � range,any imageconvolved with Gaussian(� )
is band-limitedto �

� . Therefore,�� � �
T , or � � T .

Therefore,to reducean imageby half, � = 2 should
be used. The often used�lter [1; 4; 6; 4; 1] in constructing
a Gaussianpyramid[1] approximatesGaussianof � = 1:1
andcancausealiasing.Aliasingin subbandimagesis notan
issuefor signalcoding,but shouldbeavoidedwhenedges
arefurtherextractedto becorrelatesof regionboundaries.

Shown in Fig. 5, we �rst build a Gaussianpyramidwith
� = 2 andsubsamplingperiodof 2. An edgepyramid is
obtainedby applyingthe samesetof quadrature�lters Fo

imagepyramid edgepyramid full-sizeedges

Figure5. Extractfull-sizemultiscaleedgesE s throughpyramids.
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andFe [8] to eachlevel of thepyramid. Theedgestrength
is measuredby quadratureenergy E:

E = (I � Fo)2 + (I � Fe)2: (1)

Upsamplingtheedgeimagesbringsthembackto full size.
Wedenoteeachby Es, wheres is thescale.

2.2.Cue: ElongatedInter veningContours

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

A I C (p;q) = exp
�

�
maxt 2 line(p;q) E(t)

� I C

�
: (2)

Thisde�nition effectively encodespixel intensitysimilarity
(throughE), convexity (throughline(p;q)) and boundary
closure(throughregionsegmentationonpixels).
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Figure6. Pixel af�nity A I C only looksat local edgescutting the
line connectingtwo pixels. It is susceptibleto missingedges.

Justas imagefeaturesshouldbe extractedat multiple
scales,groupingcuesfrom featuresshouldalsobe exam-
inedat multiple scales.Illustratedin Fig. 3, thekey to illu-
sory contourcompletionis to capturepixel groupingrela-
tionshipswithin multipleapertures.Werationalizetheintu-
ition with elongatedinterveningcontours(Fig.7), log-polar
neighbourhood(Fig. 8), andpullbackaf�nity (Fig. 9).

First, to derive desiredpixel groupingcuesin the pres-
enceof illusory contours,edgesshouldbe lengthenedas
distance(p;q) increases(Fig. 7). We formalize the pixel
af�nity from elongatedinterveningcontours(EIC) usinga
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Figure 7. Pixel af�nity AE I C looks at increasinglylengthened
edgesthatcut throughline(p;q) asdistance(p;q) increases.It is
resistantto missingedgesalongillusory contours.

recursivede�nition onakernel. ThekernelK (p;d) denotes
the af�nity betweenp and its immediateneighbourp + d
along direction d. For example,as in Eqn. (2), edgesat
scales de�ne thefollowing kernelK E (s):

K E (p;d; s) = exp
�

�
max(Es(p); Es(p + d))

� I C

�
: (3)

TheEIC af�nity from kernelK is de�ned by:

K 1(p;d) = K (p;d); (4)

K n (p;d) = min
q2f p� d? ;p;p + d? g

K n � 1(q; d); (5)

AE I C (p;p + n � d; K ) = min
t =0: n � 1

K n (p + t � d;d); (6)

whered? is the directionperpendicularto d. K n (p;d) is
the af�nity betweenp and p + d basedon EIC of length
2n � 1, whereasA I C assumesK n = K . Note that the
recursionis performedindependentlyalongeachdirection.

Second,to take advantageof theredundancy introduced
by theedgelengthening,weonly needpixel af�nity for log-
polarneighbours.This ef�ciently capturesa pixel's group-
ing preferencein a largeneighbourhood(Fig. 8).
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Figure8. Log-polarneighbourhood(of thecenterpixel p).

The EIC af�nity encodescurvilinearity by carving the
groupingrelationshipsamongthe pixels that give rise to
boundaries.In Fig. 9a, a pixel haslarge af�nity with the
adjacentpixel acrossan illusory contour, but little af�nity
with farneighboursdueto blockagefrom nearbyedges.

a: AE I C (K E ) b: externalscale�r c: AE I C (K P )

Figure 9. Pullbackaf�nity . a, c show the af�nity �elds at the
samefour pixelsoverlaidon the image. b: externalscaleat each
pixel, lighter gray for larger values. K P is derived by pulling
AE I C (K E ) valuesat radius�r backto radius1. Pullbackaf�nity
AE I C (K P ) propagatesthekernelK P to thefull neighbourhood.
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Third, wecanthusfurtherimprove theaccuracy of pixel
groupingcuesby allowing eachpixel to pull its af�nity with
far neighboursbackto its immediateneighbours.Thedis-
tanceat which we pull backthe af�nity dependson some
measureof theexternalscale[6] of thepixel. It is de�ned
asthesmallestradiusbeyondwhichAE I C (K ) is all trivial:

�r (p) = minf r : AE I C (p;p+ (r + 1) � d; K ) < � ; 8dg; (7)

where� is a thresholdthatindicatesanaf�nity valuetrivial.
K = K E if s = 1; K = K B otherwise(de�ned in thenext
section).Note thatAE I C is a non-increasingfunctionof r
for any directiond. Thepullback kernelK P is de�ned by
theaf�nity with farneighboursatexternalscales:

K P (p;d) = AE I C (p;p + �r (p) � d; K ): (8)

Shown in Fig.9c,K P notonly assimilatestheexternalscale
of individual pixels, but also robustly capturestheir non-
isotropic preferences. Since the pullback kernel re�ects
pixel groupingcuesseenfrom a larger aperture,the sub-
sequentlypropagatedaf�nity AE I C (K P ) is moreeffective
at ful�lling contourcompletionrequirements.

Our pullbackaf�nity canbe viewed asdeblurringillu-
sory contours.The externalscale�r adaptively determines
theextentof blurring andthepullbackaf�nity AE I C (K P )
re�ects thesharpenedboundariesafterdeblurring.

2.3.Pixel Corr espondenceacrossScales

Whenanimageis smoothed,pixelsbecomefuzzier, cor-
nersroundedandedgesshifted. A pixel originally inside
a cornercould becomeoutsidea corner(Fig. 5). Clearly,
groupingcuesfor fuzzypixelscannotbedirectlytransferred
to original pixels,exceptfor thoseinsideregions. We thus
useinterior pixelsascorrespondencehubs,i.e., for aninte-
rior pixel, weusethecoarse-scalepixel at thesamelocation
to representit at that scale;for a borderpixel, we usethe
coarse-scalerepresentative of its bestinterior friend.

Werationalizethebestinterior friendasthecenterof the
massof a pixel's af�nity �eld. It staysat thesamelocation
for aninterior pixel, while shifting towardstheregion inte-
rior for a borderpixel. Formally, for pixel p at scales, let
Bs;t (p) beits correspondingbestinterior friendatacoarser
scalet. We iteratethecenterof masscomputationn times
(n = 5 is used)to obtainone-stepforwardmappingB s;s+1 ,
andconcatenationgivesthemappingfrom scale1 to s:

B 0
s;s +1 (p) = p; (9)

B n
s;s +1 (p) =

P
q AE I C (p; q; K E (s))B n � 1

s;s +1 (q)
P

q AE I C (p; q; K E (s))
; (10)

B1;s +1 = B s;s +1 B1;s ; B s;s +1 = B 5
s;s +1 : (11)

Fig. 10 illustratestheevolutionof theforwardmappingand
theemergenceof medialaxesasbestinterior friends.

a: B 0
1;2 b: B 5

1;2 c: interiorpixels

Figure10.Pixel correspondenceis establishedby mappingpixels
to their bestinterior friends.a,b:Forwardmappingat the�rst and
the �nal iteration. c: Numberof voteseachpixel getsasthebest
interior friend. Thedarker themorevotes(moremedial-axislike).

With B1;s , we de�ne backprojectedkernelK B for the
af�nity betweenoriginalpixelsbasedonscale-s edges:

K B (p;d; s) = AE I C (B1;s (p); B1;s (p+ d); K E (s)) : (12)

Note that K B (p;d; s) is de�ned for pixels at a distanceof
2s� 1 pixels apart (Fig. 11), since coarse-scaleedgesare
only meaningfulat that resolution[13]. Theconvexity im-
plied by EIC is preserved in AE I C (K B ), sinceit is propa-
gatedfrom K B to thefull neighbourhood.

AE I C (K E (2)) AE I C (K B (2)) AE I C (K P (2))

Figure 11. Pixel af�nity from coarse-scaleedges. For the same
four pixelsin Fig. 9, herearetheiraf�nity �elds for scale-2pixels,
their projectionto scale-1pixels,andthenthepullbackversionat
scale1. Notethatneighbourdistanceincreasesto 2 at scale1.

Thebackprojectedaf�nity AE I C (K B ) is moreaccurate
for bothtextureandweakcontours.Thereasonfor thefor-
meris thatpixelsoriginally separatedby textureedgestend
to have largeaf�nity betweentheir coarse-scalerepresenta-
tives,while pixelsacrossillusory contoursaremappedfar-
ther away and thus more likely to be segregatedby EIC.
When examinedacrossscales,pixel groupingcuesbased
entirely on edgesare capableof both suppressingtexture
andpromotingillusory contours.

Our recti�cation from AE I C (K E ) to AE I C (K B ) is es-
sentiallyencodingcoarse-scaledominantstructureswithout
losing original pixel resolutionvia a denoising-deblurring
procedure:AE I C (K E ) accentuatescoarse-scalefeaturede-
tails as in denoising,whereasthe backprojectedversion
AE I C (K B ) sharpenstheboundariesasin deblurring.

To recapitulate,edgesat scales lead to EIC af�nity
AE I C (K E ) betweenpixels at scales. It is �rst recti�ed
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to AE I C (K B ) for pixels at scale1, and thenpulled back
to generateAE I C (K P ) (Fig. 11). If we have a total of ns

scales,weendupwith astackof 2ns pixel af�nity measure-
mentsall de�ned on theoriginalpixels.Wedenotethemby
matricesWt , t = 1 : M , M = 2ns.

2.4 Grouping Criterion and Its Solution

Toscoreagroupingwith pairwisepixelaf�nity , weadopt
thecriterionof averagesatisfactionthatk groupsassume:

goodnessof grouping=
1
k

kX

l =1

P
p2 groupl satisfaction(p)

sizeof groupl
(13)

satisfaction(p) =

P
q af�nity (p;q) : p;q in onegroup

total af�nity p has
: (14)

Thenormalizationby thesizeof eachgroupis essentialfor
promotingsizebalance.Otherwise,a trivial groupingthat
isolatesalonepixel from therestwouldbehighly desirable.

Given previously obtainedaf�nity Wt , t = 1 : M , we
evaluateasegmentationusing:

total score=
MX

t =1

goodnessof groupingfrom af�nity Wt : (15)

Sucha criterionhasbeenconsideredin [13]. It canbede-
scribedin a graph-theoreticframework as a simultaneous
cut acrossa stackof graphswith weight matricesf Wt g.
The optimal solution in the relaxed continuousdomainis
shown to betheeigenvectorscorrespondingto thek largest
eigenvaluesof W , where

W =
MX

t =1

Wt D � 1
t + D � 1

t Wt ; (16)

andD t is a diagonalmatrix with D t (p;p) =
P

q Wt (p;q).
Ideally, pixelsin thesamegrouparemappedto similar val-
uesin thecontinuouseigensolutions(Fig. 12).

Figure12. The �rst 5 eigenvectors. Thresholdingtheseimages
with meanvaluesgivesthecenterillusory squareand4 L-shapes.

In addition to encodingthe right cuesfor texture seg-
mentationand contour completion in multiscaleaf�nity ,
the integration criterion which encapsulatesscale invari-
ancethroughEqn. (13) to (15) helpsto bring out the de-
siredsegmentation.Here,thesatisfactionof individualpix-
els is de�ned by theproportionof 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 andbackprojectedcoarse-scale
af�nity , which oftenhave fewer but moreaccurateconnec-
tions. For example,considera pixel nearan illusory con-
tour in Fig. 9. AE I C (K E ) dominatesAE I C (K P ) in terms
of totalaf�nity . However, asthetotalaf�nity is discounted,
separationfrom its neighboursacrossthe illusory contour
inducesa%100satisfactionfor AE I C (K P ), driving theop-
timal segmentationto occuralongillusory contours.

2.5 Algorithm

Givenaf�nity parameters� I C , neighbourhoodradiusr ,
signi�cance threshold� , numberof scalesns, numberof
segmentsk, segmentationof imageI is donein 3 steps.

Step1: Computefull-sizeedgesatmultiplescales:
I s = subsample(I s� 1� Gaussian(2); 2), I 1 = I , s = 2 : ns

Es = upsample(( I s � Fo)2 + (I s � Fe)2; 2s� 1), s = 1 : ns

Step2: Computepixel groupingcuesatmultiplescales:
t = 0; B1;1(p) = p, 8p
For s = 1 : ns,

Computeaf�nity kernelfrom edgesat scales

K E (p;d; s) = exp
�

� max (E s (p) ;E s (p+ d))
� I C

�
, 8p;d.

Findcorrespondenceby one-stepforwardmapping
B 0

s;s+1 (p) = p, 8p

B n
s;s+1 (p) =

P
q A E I C (p;q;K E (s)) B n � 1

s;s +1 (q)
P

q A E I C (p;q;K E (s)) , n = 1 : 5

B1;s+1 = Bs;s+1 B1;s ; Bs;s+1 = B 5
s;s+1 .

Rectifyaf�nity by backprojection,with d scaledby 2s� 1

K B (p;d; s) = AE I C (B1;s (p); B1;s (p + d); K E (s)) , 8p;d
Wt = AE I C (K B (s)) , t = t + 1

Derivepullbackaf�nity at scale1:
�r (p) = minf r : AE I C (p;p + (r + 1)d; K B (s)) < � ; 8dg, 8p
K P (p;d; s) = AE I C (p;p + �r (p) � d; K B (s)) , 8p;d
Wt = AE I C (K P (s)) , t = t + 1.

Step3: Computegraphcuts:
W =

P M
t =1 Wt D

� 1
t + D � 1

t Wt

Solve for the�rst k eigenvectorsV of W
Obtainadiscretesegmentationfrom V (e.g.[14]).

3. Resultsand Discussions

We implementthealgorithmin MATLAB. � I C = 0:02,
r = 25, � = 0:3, k = 10, ns = 4, andquadrature�lters of
8 orientationsareusedfor all our images.

In Fig. 13 andFig. 14,we compareresultsfrom two ad-
vancededgedetectors:Canny andPbasin Fig. 1, andtwo

6



Figure13.Comparisonof resultsonBSDSimages[9]: Canny, Pb,
previouswork [13] andthiswork. For thelattertwo, thenumberof
segmentsis manuallychosenin orderto outlineobjectsof interest
with thefewestsegments.Canny andPbcanonly tell pixelson/off
a boundary. Thereis no senseof pixel groupingor differentiation
of boundaryscales.Textureis not fully suppressed.Theseimages
have gapsandelongatedshapesthatcausecon�icting cuesat dif-
ferentscales.Without cross-scaleconsistency, previouswork eas-
ily getsconfused;with cross-scaleconsistency, this work is able
to discover themajorstructurescharacterizedby scaleinvariance.

region segmenters:previous work, which usesmultiscale
edgesbut withoutaddressinggapcompletionor cross-scale
consistency [13], andthis work. Theseresultsdemonstrate
that: 1) at the featurelevel, texture edgescannotbe fully
suppressed,nor cancontourgapsbe correctlycompleted,
despitethe bestefforts to estimateoptimal local scales;2)
employing implicit gap completionand enforcing cross-
scaleconsistency, ouredge-basedapproachcansegmentout
large scale-invariant regionswithout losing �ne detailsof
their boundaries.

We cancollapseour coarse-to-�neboundarymapsinto
a probabilisticboundarynessmeasure(Fig. 15) andbench-
markoursegmenterasin [9, 4]. Higherprecisionbut lower
recall is expectedover a local detector(e.g.Canny or Pbin
Fig. 1), sinceour global region segmenter�nds big pieces
�rst (Fig. 15,Fig. 16).

Thesearelow-level imagesegmentationsbasedentirely
on interveningcontours,which encodeGestaltlaws of in-

Figure14.Comparisonof Canny, Pb,previouswork andthiswork
on moreBSDSimages.Notethatour segmentationshave coarse-
scaleregions,yet they retain�ne boundarydetails. It takesabout
2 minutesto segmentthese160� 240 imagesona linux machine
with 2GHz CPU and 2GB memory. There is no needto learn
any modelsor parametersfrom sometrainingimagesabouteither
textureor contourcompletion.

7



k = 3 k = 5 k = 9
P 10

k=1

Figure15. Coarseto �ne segmentationsfor the imagein Fig. 1a
(Columns1-3). Column4: oneprobabilisticboundarymapob-
tainedby summingall theboundariesfrom thecoarse-to-�neseg-
mentations.Row 1: Previouswork [13]. Row 2: this work. With
gap completionandcross-scaleconsistency, we have moreaccu-
rate and consistentboundaries. Theseare also relatively major
boundarieswith respectto thosein Fig. 1a:Canny or Pb.

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

tensitysimilarity, convexity, closureandcurvilinearity. The
resultsthus re�ect a tradeoff amongthesemultitudesof
groupingfactors. To humanobservers,we areconstantly
subjectto objectattentionandvariousformsof perceptual
constancy. To our algorithm,thereareonly 2 essentialpa-
rameters,� I C andr , which areappliedeverywherein an
image.For example,to make surenot to missweakedges,
a very small � I C is used. This makes even unnoticeable
shadow edgessigni�cant. Nevertheless,our methodis able
to rely on themorestabledescriptorsto handlebothtexture
andillusory contours:that is, groupingconsistency across
scalesfor the former androbust spatialcon�guration over
longer rangesfor the latter (Fig. 3). A global integration
over theselocaldescriptorsrevealsforemostlargelow-level
organizationsthatagoodsegmentationshouldhave.
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