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Abstract

Edgesat multiplescalesprovidecomplementarygroup-
ing cuesfor image segmentation.Thesecuesare reliable
within different ranges. The larger the scale of an edge,
the longer range the groupingcuesit designates,and the
greaterimpactit hasonthe�nal segmentation.A goodseg-
mentationrespectsgroupingcuesat each scale.

Theseintuitions are formulated in a graph-theoretic
framework, where multiscaleedges de�ne pairwise pixel
af�nity at multiple grids, each captured in one graph. A
novel criterion called average cuts of normalizedaf�n-
ity is proposed to evaluate a simultaneoussegmenta-
tion through all thesegraphs.Its near-global optima can
besolvedef�ciently.

With a sparseyetcompletecharacterizationof pairwise
pixel af�nity , this graph-cutsapproach leadsto a hierarchy
of coarseto �ne segmentationsthat naturally take care of
texturedregionsandweakcontours.

1. Intr oduction

Segmentationis straightforward whenedgesin the im-
agecorrespondto real boundariesin the scene.Unfortu-
nately, suchan idealone-to-onecorrespondencerarelyex-
ists in real images(Fig.1): edgesin a textured region do
notindicateboundaries,while boundariesmayexist atweak
contoursor betweentexturesthatdonotgive riseto edges.

Inferring boundariesbasedon low-level edgefeatures
is hard;any methodcould suffer from thesemassive false
positivesand falsenegatives. However, sucha dichotomy
is meaningfulonly whenedgesareextractedat onescale.
Whenmultiplescalesareused,therearemultiple responses
at eachpixel location,and they may not agreewith each
other(Fig. 1c,d).

I' d like to show in this paperthat,in fact,themultiscale
natureof low-level featuresholdsthepromiseof solvingthe
two dif�culties thatsegmentationfaces.Thekey ideasare:

a. image b. boundaries

c. smallscaleedges d. largescaleedges

e. from smallscale f. from largescale

g. from optimalscale h. new: fr om all scales

Figure1: Segmentationasresolvingambiguityin correspondence
from edgesto boundaries.a: imageandb: its boundariesmarked
by humansubjects[7]. c,d: edgesat two scales.e,f,g: segmenta-
tionsby normalizedcuts[12] basedonedgesshown in e,f andop-
timal edgesacrossall scales.h: new resultfrom this work, which
utilizes edgesat all scales.It groupsboth big torsoandthin tail
without losingprecisionin boundarylocalization.



1. Both boundariesandedgesshouldnot be treatedasa
binaryandsinglescalephenomenon.

2. Thereis complementaryanduseful segmentationin-
formation from edgesextracted at different scales.
Such information is most naturally castas grouping
cuesamongtheirpixel supports.

3. If we take reliablegroupingcuesfrom eachscaleand
feed all of them to a sensiblydesignedpixel group-
ing engine,we canmake a global segmentationdeci-
sionthattreatbothtextureandweakcontourproblems.

Theseideasarein contrastwith mostcurrentsegmenta-
tion approaches.Insteadof keepingedgesat all scalestill
segmentation,previousworksstrivedto eliminatethescale
ambiguitybefore segmentationanduseonly onehopefully
betteredgemapduringthesegmentation.

For example,[3, 5] tried to determinetheoptimalscale
of each edge by using a winner-take-all mechanismon
edgestrengths.Sucha localdecisionis oftenpremature,re-
sulting in a segmentationthat hasboth shortcomings:as
blind to large regions as that from small scales,and as
poorin boundarylocalizationasthatfrom largescaleedges
(Fig. 1e,f,g).On thecontrary, if we useedgesat all scales,
wecanhave thebestof bothworlds(Fig. 1h).

Anotherline of efforts to improve the �nal edgemapis
to �x contoursof low contrast.For that,Canny edgedetec-
tor [1] usedhysteresis,[2] andmostboundarycompletion
approaches[9, 13] employed curvilinearity. However, the
approachesdevelopedto tackleweakcontourproblemsof-
ten do not work on texture.Their basicassumptionis that
smoothcontoursarelikely to beboundariesevenwhenthey
areweak,which is notvalid for texturesmadeof strongand
smoothcontours.The implication hereis that the smooth-
nessof boundariesis not necessarilythecause,but rathera
consequenceof thedistinctionbetweenregionsthatde�ne
them.Furthermore,in practiceit is dif�cult to reliablydeter-
minelocalsmoothnessbetweencontoursegments.Pursuing
thederivedpropertiesin 1D while abandoningtheunderly-
ing region propertiesin 2D often makesthe original prob-
lemunnecessarilyhard.

To handlebothtextureandweakcontours,[4] explicitly
modeledtexture with textons, andlater [6] learneda clas-
si�er to estimatethe probability of a pixel locationbeing
boundarybasedon local imageevidence.All thesemea-
surestry to settleontooneedgemapbeforesegmentation.
Althoughthey do not precludemultiscales,I' d like to show
thatmultiscaleedgesoftensuf�ce asfront endcomputation.

Shown in Fig. 2, the new methodherehasthreesteps.
Edgesare�rst extractedatmultiplescales.Everyedgemap
thenleadsto a setof pixel groupingcuesde�ned over mul-
tiple ranges,eachcapturedin an af�nity graphin a graph-
theoreticframework. Finally, a simultaneoussegmentation
throughall thesegraphsis soughtto optimizethe average

cuts of normalizedaf�nity at eachgraph.This procedure
yieldscoarseto �ne segmentationswherelargescaleprop-
ertiesarecaptured�rst andsmalldetailsarerevealedlater.

I will detail the threestepsof the methodin the next
section,followed by experimentalresultsand discussions
whichdemonstratethatsucha regionsegmentationscheme
basedentirelyonmultiscaleedgescandealwith textureand
weakcontoursto a largeextent.

2. Method Details

Region segmentationis not to group pixels just based
on their featurevalues.It is alsoaboutthespatialarrange-
mentsof thesefeaturevalues.Suchaspatialcontext is natu-
rally describedin a relationalgraph[12, 14]. In this frame-
work,everypixel becomesanode,andthelikelihoodof two
nodesbelongingtogetheris capturedin aweightattachedto
theedgeslinking pixel nodes.Imagesegmentationthenbe-
comesaweightedgraphpartitioningproblem.

Therearethreestepsinvolvedin suchanapproach.
1. Whatfeaturesto extract fromthe image? I will show

thatedgesat multiple scalescontaincomplementaryinfor-
mationandall ratherthanasubsetshouldbeused.

2. Whatgroupingcuesto derivefrom thesefeatures?I
will show that edgesshouldbe usedto derive the likeness
betweentheirpixel supportsandamultigrid neighbourhood
structurecaneffectively selectreliablegroupingcues.

3.Whatcriterion touseto integratethesegroupingcues?
I will proposethe average cutsof normalizedaf�nity asa
new criterionfor groupingandshow thatit notonly hasde-
sired duality propertyand elegant numericalsolution,but
alsosimpli�es cueinteractionandintegration.

2.1. ImageFeatures:Multiple EdgesMaps

Consider�lters shown in Fig. 3. They aretunedto detect
edgesof differentshapes,parameterizedby � = [� s; � e; � o],
where � s, � e and � o refer to scale,elongation, and ori-
entationrespectively. Thesequadraturepairsof �lters, de-
notedasFo(� ) andFe(� ), differ in theirspatialphases.The
odd-phase�lters areessentiallythe �rst-order derivatives,
whereastheeven-phase�lters arethesecond-orderderiva-
tives,bothsmoothedwith Gaussiansspeci�ed by � . Given
imageI , thequadratureenergy E(� ) is de�ned as[4]:

E (� ) = (I � Fo(� ))2 + (I � Fe(� ))2; (1)

where � is the convolution operator. E (� ) has a maxi-
mum responsefor contoursof shape� , whereasthe zero-
crossingsof �lter Fe(� ) locatethepositionsof theedges.

Traditionally, edgesareconsideredabinaryphenomenon
andmultiple �lter responsesat a singlepixel only serve as
a meansto derive a betterestimateof theedge.This is of-
ten doneby a competitionof the edgeenergies,which are
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Step1: Edgesareextractedatmultiplescales.

: : :

Step2: Pairwisepixel groupingcuesarede�ned atmultiplegridsfor eachedgemap.

: : :

Step3: Optimalaveragecutsof normalizedaf�nity aresought.

: : :

Results:coarseto �ne segmentations

Figure2: Methodoverview. 1)Edgesare®rst extractedat multiple scales.2)Edgesat eachscalede®nepixel groupingcuesat multiple
ranges.Eachrangegivesriseto oneaf®nity graph.All pixelshavethesamenumberof neighboursin everygraph.Thedifferenceis thatthe
neighboursareplacedon a regulargrid with a spacingincreasingwith thescaleof theedges.Shown hereis theneighbourhoodstructure
of a marked pixel. The boundariesof a binarysegmentationareoverlaidon every graph.As the neighbourhoodgetslarger, morepixels
areinvolvedin evaluatingsegmentationboundaries.3)A simultaneoussegmentationthroughall thesegraphsis soughtsothatthegrouping
cuesat eachscalearerespected.Computationallyit is reducedto partitioningon oneequivalentaf®nity graphandit canbe computed
ef®ciently. 4)Finalsegmentationsexhibit acoarseto ®neorganization,wherelargerscalepropertiesareforemostrespected.
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Fo(� ) Fe(� )

Figure3: Linear®ltersof 4 orientations,2 elongations,2 scales,
in bothoddandevenphasesthatform quadraturepairs.

madecomparableby normalizingtheL 1 normof each�l-
ter [5, 3]:

E � = max
�

E(� ); (2)

whereE � is the�nal edgeenergy from thewinning �lter .
Although the ideais straightforward,oneedgemaphas

troublerecognizingcontoursatdifferentscales.Alreadyev-
identin Fig.1candd,while smallscaleedgesfollow details
andcurves,large scaleedgesacknowledgeweakcontours
and ignore texture. The information from small and large
�lters is complementary(SeeTable1), yet whenthey com-
petein termsof edgeenergy, the �nal “optimal” edgemap
losegoodcuesatbothscales(Fig. 4).

small�lter response large�lter response
pros preciselocalization insensitive to texture

closelyfollow curves detectweakcontours
cons sensitive to noise poorlocalization

missweakcontours extendstraightlines

Table1: Edgesat differentscalesencodecomplementaryinfor-
mationandre�ect the trade-off betweenthe robustnessto detect
contrastandthe�e xibility to follow curves.

Figure4: The optimal edgemapE � falls shortof representing
boundariesat multiple scales.For example,long weak contours
detectedby largescale®lterson thebackof thecheetaharegone
in the®nal edgemap.

It is not surprisingthat we needmultiple edgemaps.
Edgedetectorsare designedfor isolatededges[1]. Only
in isolationis it meaningfulto computethe optimal scale,
elongationandorientationof anedgeby comparingthere-
sponsestrengths[3, 5]. In realimages,however, cornersand
junctionsareubiquitous,objectpartsof variousscalesand
shapesco-exist. Suchaone-edge-mapapproachis boundto
fall shortof representingall of them.

2.2. Grouping Cues:Pixel Af�nity at Multigrids

To turn edgesinto groupingcues,I' d like to generalize
theinterveningcontouridea[4] to multipleedgemaps.Two
pixelsdonot likeeachotherif thereis anedgeencountered
on thestraightline connectingthem.Thestrongertheedge
energy, thelessaf�nity betweenthem.

Formally, for pixels i and j , let A I C (i; j ; � ) be their
af�nity basedonedgesat scale� s andelongation� e:

A I C (i; j ; � ) = exp

 

�
maxt 2 ~ij ;� o

E(t; � )

� � max� o E(� )

!

; (3)

where~ij denotesthesetof pixelson theline betweenpixel
i andj , and� is a parametercontrolling the sensitivity of
af�nity to edgeenergy. Notice thatorientationis no longer
a parameterof A. In effect, we aredealingwith a total of
# scales� # elongationsedgemaps.

Although the above af�nity is de�ned for every pair of
pixels in the image,it is not equally reliable everywhere.
Therangeof applicabilityis lowerboundedby theedgelo-
calizationcertaintyat thatscale,andupperboundedby the
groupingprincipleof proximity.

First, the larger the size of the �lter , the lesscertainty
in the localizationof an edge.Sincecontrastinformation
is pooledover a large area,when an edge�res between
two closebypixels i and j , the real causecould lie any-
where within the receptive �eld of the �lter . Therefore,
A I C (i; j ; � ) only becomesreliablewheni andj aresome
distanceapart.

This certaintydistancecanbecharacterizedby somedi-
mensionof the �lter . Let d, which I refer to asthecharac-
teristicdistanceof the�lter � , bede�ned as:

d(� ) = � s � � e: (4)

It will becometheunit of distanceataf�nity graphsderived
from theedgemapparameterizedby � .

Secondly, intervening contour, like any local grouping
cue,is subjectto proximity. Otherwise,thenoisein image
featuresgetsblown up in theaf�nity . For instance,two pix-
elsseparatedby a long weakcontourcouldbemistakenas
friendsdue to the absenceof edgesat a small scale.This
is commonlyknown asthe “leakageproblem”, the typeof
problemwhich a local segmenteris especiallysensitive to.
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Althougha global segmenteris morerobust to suchnoise,
we canreducethenoiseby only admittingaf�nity between
pixelswithin acertainneighbourhood.

As the scaleof edgesgetslarger, the numberof neigh-
boursincreasestremendously. A multigrid neighbourhood
is adoptedto keepcomplexity undercontrol. Every af�n-
ity graphhasN pixel nodes,whereN is the total num-
ber of pixels in the imageI . Every pixel nodehas(2r +
1) � (2r + 1) neighbours,wherer is theneighbourhoodra-
dius.Edgesateachscalegive riseto af�nity graphsatmul-
tiple grids.Thegrid distanceincreaseswith thescaleof the
edges.

Formally, let W be the weight matrix for the af�nity
graphparameterizedby grid distanceg and�lter � :

W (i; j ; �; g) = A I C (i; j ; � )� (dist(i; j ) = k�g�d(� ); k � r );
(5)

where� is a binary indicatorfunction(1 if theargumentis
true and0 otherwise)anddist(i; j ) denotesthe block dis-
tancebetweenpixels i andj . As a concreteexample,con-
sider neighbourhoodradius r = 1, �lter d(� ) = 2 and
grid g = 1; 2. That is, two af�nity graphsarederivedfrom
this edgemap. In the �rst graph,eachpixel has9 neigh-
bours spacedat the pixel grid of [� 2; 0; 2] � [� 2; 0; 2],
while in the secondgraph,its 9 neighboursarespacedat
[� 4; 0; 4] � [� 4; 0; 4], where(0; 0) is thepixel itself.

Suchamultigrid structureresultsin a total of:

M = # scales� # elongations� # grids (6)

sparselyconnectedaf�nity graphs.Let their weight matri-
cesbe denotedby W1; W2; : : : ; WM . The af�nity a pixel
haswith its M � (2r + 1)2 neighboursgivesacompletechar-
acterizationof its groupingpreference.

2.3. Grouping Criterion:
AverageCuts of Normalized Af�nity

Let V denotethe setof all N pixel nodes.Segmenting
thesepixels into K groupsis to decomposeV into K dis-
joint sets,i.e.,V = [ K

l =1 V l andVk \ V l = ? , 8k 6= l. Let
theK -waypartitioningbedenotedby � K

V .
Fromthepointof view of eachindividualnode,it agrees

with a global segmentationif its grouping preferenceis
mostly satis�ed within its own group.The groupingpref-
erenceof nodej towardnodei canbemeasuredby thenor-
malizedaf�nity naff(i; j ; W ):

naff(i; j ; W ) =
W (i; j )

P
i 2 V W (i; j )

: (7)

naff(i; j ; W ) is an ego-centricmeasureand it is not sym-
metric betweeni andj . How muchj likes(dislikes)group

Q canthenbemeasuredby thetotalnormalizedaf�nity be-
tweenj andall thenodesin(outside)Q:

like(Q; j ; W ) =
X

i 2 Q

naff(i; j ; W ); (8)

dislike(Q; j ; W ) =
X

i 2 VnQ

naff(i; j ; W ): (9)

From the point of view of eachgroup, it agreeswith
the global segmentationif the averagelikenesstoward the
groupis high,or theaveragedislikenessis low. Thatis:

max "(� K
V ; W ) =

1
K

KX

l =1

P
j 2 V l

like(V l ; j ; W )

jV l j
; (10)

min �" (� K
V ; W ) =

1
K

KX

l =1

P
j 2 V l

dislike(V l ; j ; W )

jV l j
; (11)

wherej � j denotesthecardinalityof aset.Sincelike(Q; j ) +
dislike(Q; j ) = 1, thesetwocriteriaareequivalent.I will re-
fer to eitherof themastheaveragecutsof normalizedaf�n-
ity criterion. Intuitively, if friendsall stay togetherso that
everyonelikeshis group,thenthecommunitywould favor
theglobalsegmentation.

Theabovecriterionis naturallyextendedto M weighted
graphsde�ned independentlyonV:

" (� K
V ; W1; : : : ; WM ) =

MX

s=1

" (� K
V ; Ws): (12)

Next I amgoingto show thatnear-globaloptimaof this
criterion canbe computedef�ciently . Following the nota-
tion in [15], theaveragecutscriterioncanbewritten asan
optimizationprogramin X :

maximize "(X ) =
1
K

KX

l =1

X T
l AX l

X T
l X l

(13)

subjectto X 2 f 0; 1gN � K ; X 1K = 1N ; (14)

whereX is anN � K binarymatrix.X (i; l ) = � (i 2 V l ) in-
dicateswhetherpixel i belongsto groupl. X T denotesthe
transposeof X . 1n denotesthen � 1 vectorof all 1's.A is
thetotal normalizedaf�nity matrixde�ned as:

A =
MX

s=1

WsD � 1
s ; (15)

D s = Diag(1T
N Ws); (16)

whereD s is thedegreematrixof Ws, andDiag(�) denotesa
diagonalmatrix formedfrom its vectorargument.Notethat
A is asymmetric.

Theabove optimizationproblemcanberewrittenas:

maximize "(Z ) =
1
K

tr( Z T AZ ); (17)

subjectto Z T Z = I K ; (18)
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whereZ = X (X T X ) � 1
2 is calledscaledpartition matrix

[15], tr denotesthe traceof a matrix, andI K denotesthe
K � K identitymatrix.

RelaxingZ into thecontinuousdomainturnsthediscrete
probleminto a tractablecontinuousoptimizationproblem.
The following propositioncan be proven using tr( A) =
tr( AT ) andLagrangemultipliers.

Proposition 1 (Optimal Eigensolution). Theglobal opti-
mumof " (Z ) = 1

K tr( Z T AZ ) subjectto Z T Z = I K is
achievedbythe�r stK leadingeigenvectorsof �A = A+ AT ,
with theoptimalobjectivevalueas thehalf of theaverage
of the�r stK leadingeigenvalues:

" ([V1; : : : ; VK ]) =
1

2K

KX

l =1

sl = max
Z

" (Z ) (19)

�AVl = sl Vl ; s1 � s2 � :::; l = 1; : : : ; K : (20)

Near-global discreteoptima can be computedsubse-
quentlyusingthemethoddescribedin [15].

2.4. Algorithm

Given an imageI , a set of �lter parameters� 's, a set
of grid spacingparametersg's, af�nity parameter� , af�n-
ity neighbourhoodradiusr , numberof segmentsK , image
segmentationis performedby:
Step1: Computeedgeenergy atmultiplescales:

E (� ) = (I � Fo(� ))2 + (I � Fe(� ))2

Step2: Computepixel af�nity atmultiplegrids:

t = 0
For s = 1 to # scales,

For e = 1 to # elongations,
d = � s � � e

For g = 1 to # grids,
t = t + 1
For j = 1 to N ,

For i suchthatdist(i; j ) = k � g � d, k � r ,
Wt (i; j ) = A I C (i; j ; � ).

Step3: Computeaveragecutsof normalizedaf�nity:

A = W1D � 1
1 + : : : + WM D � 1

M
�A = A + AT

Solve for the�rst K eigenvectorsV of �A
Obtainadiscretesegmentationfrom V.

3. Experimentsand Discussions

Thesamesetof parametersareusedfor all the400 im-
agestested:� s = 1; 3; 5, � e = 1; 2; 3, � = 8 orientations,
g = 1; 2; 3, � = 0:02, r = 3, K = 10. Fig. 5 andFig. 6 are
sampleresultsfrom theBerkeley SegmentationDataset[7]
andBerkeley baseballplayerdataset[8]. Figure5: Segmentationswith K = 2; 4; 8; 10.
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Figure6: K = 7 for rows1-4andK = 10 for rows5-9.

Hierar chy of coarseto ®ne segmentations.As already
seenin Fig. 2, theseresultsexhibit coarseto �ne segmenta-
tions.Thereis neveracasethatabinarysegmentationpicks
up a very small region, althoughthe boundariesmay not
beprecise.For example,Row 4 in Fig. 5, thesegmentation
boundariesdonotsnapontothebackof thetigertill K = 8.
Rows9-10in Fig. 5 alsoshow thatboundariesof weakcon-
trastareautomaticallycompletedat a �ne level segmenta-
tion. Thereasonsare:1) af�nity at largerscalesonly cares
aboutgrouping relationshipsat a larger distance;2) cuts
on thesegraphsinvolve the groupingpreferenceon more
nodesas they areconnectedover a larger neighbourhood.
In otherwords,priority is given to thegoodnessof group-
ing at coarserscales.Thus �ne details,capturedin small
scaleaf�nity graphs,arehonoredlater.

Handle texture and weak contours. Sucha coarseto
�ne segmentationmostlyresultsfrom themultiscaleaf�nity
at longranges.[2, 4,6] havealsostudiedtheproblemof ob-
tainingbetteraf�nity measures.They focusedonricherim-
agefeatures.Themultiscalenatureof groupingcueshasnot
beenexplored.Theresultshereshow that in themultiscale
integrationframework,asegmenterusingentirelyedgescan
handlemosttextureandweakcontoursin real images.Ex-
plicit extractionof textonsmaynot beneeded.Fixing edge
mapsfor weakcontoursmaynotbeneeded.

The averagecuts of normalized af®nity criterion al-
lows cue integration and offers numerical advantage
over the normalized cuts criterion. Although both cri-
teriasharedualityandnormalizationof theaf�nity , thenor-
malizedcutscriterion [12, 14] doesnot handlesimultane-
ouscuts throughmultiple graphs.It cannotbe reducedto
normalizedcutson a singleweightmatrix.Therefore,even
if we could extend its de�nition to multiple graphsas in
Eqn.(12), thereis nosimplenumericalsolution.

The differencebetweenthe two criteria is illustratedin
Fig. 7. At thesamelevel of segmentation,averagecutshave
morepreciseboundariesandarebetterat groupingregions
of multiple scales.Suchdifferencesaretypical andcanbe
understoodfrom their de�nitions. Averagecutsof thenor-
malizedaf�nity haveaclearinterpretationof optimizingthe
goodnessof groupingat eachscale.Fine detailswhich do
notcon¯ictwith coarserscalegroupingcuesareencouraged
to comeoutatacoarselevel segmentation.Onthecontrary,
normalizedcutsof thenormalizedaf�nity treatneighbours
atall scalesaltogether, thussmalldetailsthatonly in¯uence
the groupingof a few nodesaretoo insigni�cant to be ac-
knowledgedatacoarselevel segmentation.

Simpli®ed multiscale interactions. How to integrate
groupingcuesat multiple scaleshasnot beenwell stud-
ied. A relatedwork is [11], but it is moreconcernedwith
thespeedandthegranularityof low-level segmentation.A
commonbelief is thatcuesatcoarsescalestendto primethe
groupingbehaviour at �ne scalesanda hierarchicalprece-
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Figure7: Segmentationsfrom the averagecuts(row 1) andthe
normalizedcuts (row 2) of �A respectively. K = 5; 7. Average
cutsfollow curvy boundariesbetterandalsoallow thethin tail to
emerge togetherwith the big torso,whereasnormalizedcutscan
only takecareof big structuresat coarselevel segmentation.

denceis often assumed[10]. This work suggestsa simple
alternative: to make thebestuseof cuesacrossscales,just
let themcontributewithin theirmostreliableranges.

Numerically fastandef®cient.ForN pixels,M graphs,
B = (2r + 1)2 neighbours,W1 . . . , WM altogetherhave
N � M � B nonzeroentries.The numberof connectionsis
linearwith respectto N , yet they containlongrangecuesas
farase.g.r �maxg�maxd(� ) = 3�3�15 = 135pixelsaway!
A furtherreductionis achievedby choosingthetopfew best
friends.All resultshereareobtainedwith B = 10, andthe
total runningtime in MATLAB on a PC with 2GHz CPU
and2GB memoryis about100s for thosein Fig. 5 (size:
160� 240) and600s for Fig. 6 (size:400� 400). Two fac-
torscontributeto thespeed.Oneis themultigrid technique
that keepsthe connectionssparse.The other is that af�n-
ity at all rangesmakestheeigensolutionconvergefaster. In
short,sparseyet completecuesmake groupingeasier.

Finally, I' d liketo concludethepaperwith resultsontwo
extremeimagesthat illustratethe problemsof texture and
weakcontours(Fig. 8), motivatingfutureresearchon mul-
tiscale,texturesegmentationandboundarycompletion.
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