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Abstract

Edgesat multiple scalesprovide complementargroup-
ing cuesfor image sgmentation.Thesecuesare reliable
within different ranges. The larger the scale of an edgg,
the longer range the grouping cuesit designatesand the
greaterimpactit hasonthe nal segmentationA goodsey-
mentationrespectgroupingcuesat ead scale

Theseintuitions are formulatedin a graph-theoetic
framevork, where multiscaleedges de ne pairwise pixel
afnity at multiple grids, eact captued in one graph. A
novel criterion called averge cuts of normalizedafn-
ity is proposedto evaluate a simultaneoussegmenta-
tion through all thesegraphs.lts nearglobal optima can
besolvedefciently.

With a spaiseyetcompletecharacterizationof pairwise
pixel af nity , this graph-cutsapproach leadsto a hierarchy
of coarseto ne segmentationghat naturally take care of
texturedregionsandweakcontouss.

1. Intr oduction

Seggmentationis straightforvard whenedgesin the im-
age correspondo real boundariesin the scene.Unfortu-
nately suchanideal one-to-onecorrespondencearely ex-
ists in realimages(Fig.1): edgesin a textured region do
notindicateboundarieswhile boundariesnayexist atweak
contoursor betweertexturesthatdo not give riseto edges.

Inferring boundariesbasedon low-level edgefeatures
is hard;any methodcould suffer from thesemassve false
positivesand false nggatives However, sucha dichotomy
is meaningfulonly whenedgesare extractedat one scale.
Whenmultiple scalesareused therearemultiple responses
at eachpixel location, and they may not agreewith each
other(Fig. 1c,d).

I'd like to shaw in this paperthat,in fact,the multiscale
natureof low-level featuresholdsthe promiseof solvingthe
two dif culties thatsegmentatiorfaces.Thekey ideasare:
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Figurel: Sgmentatiorasresolvingambiguityin correspondence
from edgesto boundariesa: imageandb: its boundariesnarked
by humansubjectq7]. c,d: edgesat two scalese,f,g: sggmenta-
tionsby normalizedcuts[12] basednedgeshavnin e,f andop-
timal edgesacrossall scalesh: new resultfrom this work, which
utilizes edgesat all scaleslIt groupsboth big torsoand thin tail
without losing precisionin boundarylocalization.



1. Both boundariesandedgesshouldnot be treatedasa
binaryandsinglescalephenomenon.

2. Thereis complementaryand useful sgmentationin-
formation from edgesextracted at different scales.
Suchinformation is most naturally castas grouping
cuesamongtheir pixel supports.

3. If we take reliablegroupingcuesfrom eachscaleand
feed all of themto a sensiblydesignedpixel group-
ing engine,we canmale a global sggmentationdeci-
sionthattreatbothtextureandweakcontourproblems.

Theseideasarein contrastwith mostcurrentsegmenta-
tion approachesnsteadof keepingedgesat all scalestill
segmentationprevious works strivedto eliminatethe scale
ambiguity befole segmentatioranduseonly onehopefully
betteredgemapduringthe segmentation.

For example,[3, 5] tried to determinethe optimal scale
of eachedgeby using a winnertake-all mechanismon
edgestrengthsSuchalocal decisionis oftenprematurere-
sulting in a segmentationthat has both shortcomingsas
blind to large regions as that from small scales,and as
poorin boundanjocalizationasthatfrom large scaleedges
(Fig. 1e,f,g).Onthe contrary if we useedgesat all scales,
we canhave the bestof bothworlds (Fig. 1h).

Anotherline of efforts to improve the nal edgemapis
to x contoursof low contrastFor that,Canry edgedetec-
tor [1] usedhysteresis[2] andmostboundarycompletion
approache$9, 13] employed curvilinearity However, the
approachesdevelopedto tackleweakcontourproblemsof-
tendo not work on texture. Their basicassumptioris that
smoothcontoursarelik ely to beboundariegvenwhenthey
areweak,whichis notvalid for texturesmadeof strongand
smoothcontours.The implication hereis that the smooth-
nessof boundariess not necessarilthe causeput rathera
consequencef the distinctionbetweerregionsthatde ne
them.Furthermorein practiceit is dif cult toreliablydeter
minelocalsmoothnesbetweercontoursegmentsPursuing
thederived propertiedn 1D while abandoninghe underly-
ing region propertiesin 2D often makesthe original prob-
lem unnecessarilhard.

To handlebothtexture andweakcontours[4] explicitly
modeledtexture with textons andlater [6] learneda clas-
si er to estimatethe probability of a pixel location being
boundarybasedon local image evidence.All thesemea-
surestry to settleonto oneedgemapbeforesegmentation.
Althoughthey do not precludemultiscales]' d like to shaw
thatmultiscaleedgeoftensufce asfrontendcomputation.

Shawn in Fig. 2, the nev methodherehasthreesteps.
Edgesare rst extractedat multiple scalesEvery edgemap
thenleadsto a setof pixel groupingcuesde ned over mul-
tiple rangesgeachcapturedn an af nity graphin a graph-
theoreticframavork. Finally, a simultaneousegmentation
throughall thesegraphsis soughtto optimizethe average

cuts of normalizedaf nity at eachgraph.This procedure
yieldscoarseto ne sggmentationsvherelarge scaleprop-
ertiesarecapturedrst andsmalldetailsarerevealedlater.

| will detail the three stepsof the methodin the next
section,followed by experimentalresultsand discussions
which demonstrat¢éhatsucharegion segmentatiorscheme
basedentirelyon multiscaleedgesandealwith textureand
weakcontourgto alarge extent.

2. Method Details

Region segmentationis not to group pixels just based
on their featurevalues.lt is alsoaboutthe spatialarrange-
mentsof thesefeaturevalues Suchaspatialcontext is natu-
rally describedn arelationalgraph[12, 14]. In this frame-
work, every pixel becomes node andthelik elihoodof two
nodedelongingtogetheiis capturedn aweightattachedo
theedgedinking pixel nodeslmageseggmentatiorthenbe-
comesaweightedgraphpartitioningproblem.

Therearethreestepsinvolvedin suchanapproach.

1. Whatfeatulesto extract fromtheimage?| will shov
thatedgesat multiple scalescontaincomplementarynfor-
mationandall ratherthana subseshouldbe used.

2. Whatgrouping cuesto derive from thesefeatues?I
will shav thatedgesshouldbe usedto derive the likeness
betweertheir pixel supportsanda multigrid neighbourhood
structurecaneffectively selectreliablegroupingcues.

3. Whatcriterion to useto integratethesegroupingcues?
| will proposethe avelage cutsof normalizedaf nity asa
new criterionfor groupingandshaw thatit notonly hasde-
sired duality propertyand elegant numericalsolution, but
alsosimpli es cueinteractionandintegration.

2.1. Image Features: Multiple EdgesMaps

Considerlters shavnin Fig. 3. They aretunedto detect
edgesf differentshapesparameterizetly = [ s; e, ol,
where s, . and , referto scale,elongation, and ori-
entationrespectiely. Thesequadraturepairsof Iters, de-
notedasF,( ) andF¢( ), differin their spatialphasesThe
odd-phaselters are essentiallythe rst-order derivatives,
whereaghe even-phaselters arethe second-ordederiva-
tives,both smoothedvith Gaussianspeci edby . Given
imagel , thequadratureenegy E ( ) is de ned as[4]:

E()=( Fo( )*+ (I Fe( )% @)

where is the cornvolution operator E( ) has a maxi-
mum responsdor contoursof shape , whereashe zero-
crossingf lter F¢( ) locatethe positionsof theedges.
Traditionally edgesareconsidereébinaryphenomenon
andmultiple lter responseat a singlepixel only sene as
a meango derive a betterestimateof the edge.This is of-
tendoneby a competitionof the edgeenegies,which are



Stepl: Edgesareextractedat multiple scales.

Step2: Pairwisepixel groupingcuesarede ned at multiple gridsfor eachedgemap.
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Step3: Optimalaveragecutsof normalizedaf nity aresought.
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Figure2: Methodoverview. 1)Edgesare ®rst extractedat multiple scales2)Edgesat eachscalede®nepixel groupingcuesat multiple
rangesEachrangegivesriseto oneaf®nity graph.All pixelshave thesamenumberof neighboursn every graph.Thedifferences thatthe

neighboursareplacedon a regular grid with a spacingincreasingwith the scaleof the edges Shavn hereis the neighbourhoodtructure
of a marked pixel. The boundarie®f a binary segmentationare overlaid on every graph.As the neighbourhoodjetslarger, more pixels

areinvolvedin evaluatingsegmentatiorboundaries3)A simultaneouseggmentatiorthroughall thesegraphss soughtsothatthegrouping

cuesat eachscalearerespectedComputationallyit is reducedto partitioningon one equialentaf®nity graphandit canbe computed
ef®ciently. 4)Finalsggmentationgxhibit a coarseo ®ne organization,wherelargerscalepropertiesareforemostrespected.
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Figure 3: Linear®lters of 4 orientations elongations,2 scales,
in bothoddandevenphaseshatform quadratureairs.

madecomparabléy normalizingthe L ; normof each |-
ter[5, 3]:
E = maxE( ); (2)

whereE isthe nal edgeenegy from thewinning Iter.
Althoughtheideais straightforvard, oneedgemaphas

troublerecognizingcontoursatdifferentscalesAlreadyev-

identin Fig. 1candd, while smallscaleedgedollow details
and cunes, large scaleedgesacknavledgeweak contours
andignore texture. The information from small and large
lters is complementarySeeTablel), yetwhenthey com-
petein termsof edgeenengy, the nal “optimal” edgemap
losegoodcuesat bothscaleqFig. 4).

small lter response large lter response

pros precisdocalization  insensitve to texture
closelyfollow curves detectweakcontours
cons sensitve to noise poorlocalization

missweakcontours  extendstraightlines

Table 1: Edgesat differentscalesencodecomplementarynfor-
mationandre ect the trade-of betweenthe robustnesgo detect
contrastandthe e xibility to follow curves.

Figure 4: The optimal edgemapE falls shortof representing
boundariesat multiple scales.For example,long weak contours
detectedy large scale®lters on the backof the cheetalaregone
in the®nal edgemap.

It is not surprisingthat we needmultiple edge maps.
Edge detectorsare designedfor isolatededges[1]. Only
in isolationis it meaningfulto computethe optimal scale,
elongationandorientationof anedgeby comparingthere-
sponsestrengthg3, 5]. In realimageshowever, cornersand
junctionsare ubiquitous,objectpartsof variousscalesand
shapego-&xist. Sucha one-edge-mappproachs boundto
fall shortof representingll of them.

2.2. Grouping Cues:Pixel Af nity at Multigrids

To turn edgesinto groupingcues,|l'd like to generalize
theinterveningcontouridea[4] to multiple edgemaps.Two
pixelsdo notlik e eachotherif thereis anedgeencountered
onthestraightline connectinghem.The strongerthe edge
enepy, thelessaf nity betweerthem.

Formally, for pixelsi andj, let A c(i;j; ) be their
afnity basednedgesatscale s andelongtion :

|

maXeair; . E(t ).
max  E( )

Aic(isj; )= exp )

whereif denoteghe setof pixelsontheline betweerpixel
i andj, and is a parametercontrolling the sensitvity of
afnity to edgeenenpy. Noticethatorientationis no longer
a parameteof A. In effect, we aredealingwith atotal of
# scales # elongationsedgemaps.

Although the abore af nity is de ned for every pair of
pixelsin the image,it is not equally reliable everywhere.
Therangeof applicabilityis lower boundedy the edgelo-
calizationcertaintyat thatscale andupperboundedby the
groupingprinciple of proximity.

First, the larger the size of the Iter, the lesscertainty
in the localizationof an edge.Since contrastinformation
is pooledover a large area,when an edge res between
two closebypixelsi andj, the real causecould lie ary-
where within the receptve eld of the Iter. Therefore,
Aic(i;j; ) only becomegeliablewheni andj aresome
distanceapart.

This certaintydistancecanbe characterizedy somedi-
mensionof the lter. Let d, which | referto asthe charac-
teristic distanceof the Iter , bede nedas:

d( )= s (4)

It will becomeheunit of distanceataf nity graphsderived
from theedgemapparameterizedy .

Secondly intervening contour like ary local grouping
cue,is subjectto proximity. Otherwise the noisein image
featureggetsblown upin theaf nity . For instancetwo pix-
els separatedby a long weakcontourcould be mistalenas
friendsdueto the absenceof edgesat a small scale.This
is commonlyknown asthe “leakageproblem”, the type of
problemwhich a local sggmenteris especiallysensitve to.



Although a global sgmenteris morerobustto suchnoise,
we canreducethe noiseby only admittingaf nity between
pixelswithin a certainneighbourhood.

As the scaleof edgesgetslarger, the numberof neigh-
boursincreasesremendouslyA multigrid neighbourhood
is adoptedto keepcompleity undercontrol. Every af n-
ity graphhasN pixel nodes,whereN is the total num-
ber of pixelsin theimagel . Every pixel nodehas(2r +
1) (2r + 1) neighbourswherer is theneighbourhooda-
dius.Edgesateachscalegiveriseto af nity graphsatmul-
tiple grids. Thegrid distancancreasesvith the scaleof the
edges.

Formally, let W be the weight matrix for the af nity
graphparameterizetly grid distanceg and Iter

W(isj;; 9) = Aic(;j: ) (dist(i;j) = kgd( )k (r))
5
where is abinaryindicatorfunction (1 if the agumentis
true and O otherwise)anddist(i; j ) denoteshe block dis-
tancebetweerpixelsi andj . As a concreteexample,con-
sider neighbourhoodadiusr = 1, Iter d( ) = 2 and
grid g = 1;2. Thatis, 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 neighboursare spacedat
[ 4,0,4] [ 40;4], where(0;0) is the pixel itself.
Suchamultigrid structureresultsin atotal of:

M = # scales # elongations # grids (6)

sparselyconnectedaf nity graphs.Let their weight matri-
cesbe denotedby W1; Wy;:::; Wy . The af nity a pixel
haswith itsM (2r + 1)? neighboursgjivesacompletechar
acterizatiorof its groupingpreference.

2.3. Grouping Criterion:
AverageCuts of Normalized Af nity

Let V denotethe setof all N pixel nodes.Segmenting
thesepixelsinto K groupsis to decomposé/ into K dis-
joint setsji.e.,V = [ K, V,andVi\ V|, = ?,8k 6 |. Let
theK -way partitioningbe denotedoy .

Fromthepointof view of eachindividual node,it agrees
with a global sggmentationif its grouping preferenceis
mostly satis ed within its own group. The grouping pref-
erenceof nodej towardnodei canbemeasuredby thenor-
malizedaf nity naff(i; j; W):

IQW(i;j) .

ff(i; j; W) = —
naf(i ] ) iva(”])

()

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

Q canthenbe measuredby thetotal normalizedaf nity be-
tweenj andall thenodesin(outside)Q:

like(Q;j; W)

naff(i; j ; W); ®)

dislike(Q; ] : W)

naff(i; j; W) (9)
i2vnQ
From the point of view of eachgroup, it agreeswith

the global sggmentationif the averagelikenesgoward the
groupis high, or the averagedislikenesss low. Thatis:

16 P likevisjiw)
max"( §iW) = e R T o)
=1
P
X dislike(V;j ;W
min " ( 5;W):Ki 124 jV,ej( it ); (11)

=1

wherej j denoteghecardinalityof aset.Sincelike(Q;j) +
dislike(Q;j) = 1, thesawo criteriaareequivalent.l will re-
fer to eitherof themastheaveragecutsof normalizedaf n-
ity criterion. Intuitively, if friendsall staytogetherso that
everyonelikeshis group,thenthe communitywould favor
theglobalsegmentation.

Theabove criterionis naturallyextendedo M weighted
graphsde ned independentlynV:

XA K

CKiWe): (12)
s=1

Next | amgoingto shawv thatnearglobal optimaof this
criterion can be computedef ciently. Following the nota-
tion in [15], the averagecutscriterion canbe written asan
optimizationprogramin X :
1 X XTAX|
maximize "(X)= > !

= XX

subjecto X 2 f0;1gV X ; X =1v;  (14)
whereX isanN K binarymatrix. X (i; I) = (i 2 V) in-
dicateswhetherpixel i belongsto groupl. X T denoteshe
transposef X . 1, denoteshen 1 vectorofall 1's. A is
thetotal normalizedaf nity matrixde ned as:

(13)

pd

A = WSDS 1; (15)
s=1

Ds = Diag(1} Ws); (16)

whereD isthedggreematrix of Wy, andDiag( ) denotes
diagonalmatrix formedfrom its vectoragument.Notethat
A is asymmetric.

Theabove optimizationproblemcanberewritten as:

L 1
maximize "(Z) = ?tr(ZTAZ); (17)
subjectto Z7Z = Ik ; (18)



whereZ = X (XTX) zis called scaledpartition matrix
[15], tr denoteghe traceof a matrix, andlx denoteshe
K K identity matrix.

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

Proposition 1 (Optimal Eigensolution). Theglobal opti-
mumof "(Z) = ttr(ZTAZ) subjectto ZTZ = Ik is
achievedbythe r stK leadingeigernvectosof A = A+ AT,
with the optimal objectivevalue as the half of the average
ofthe r stK leadingeigervalues:

X
"VinnVk D = 5o s = maxt(Z) (19)
AVi=gV;, s1 s i 1=1000K: (20)

Nearglobal discrete optima can be computedsubse-
quentlyusingthe methoddescribedn [15].

2.4. Algorithm

Givenanimagel, a setof Iter parameters's, a set
of grid spacingparameterg's, af nity parameter , af n-
ity neighbourhoodadiusr, numberof sggmentsK , image
segmentations performedby:

Stepl: Computeedgeenegy at multiple scales:

E()=(1 Fo( )+ (I Fe())?
Step2: Computepixel af nity atmultiple grids:

t=0
Fors = 1to# scales,
Fore = 1to# elongtions,
d= s
Forg= 1lto# grids,
t=t+1
Forj = 1toN,
Fori suchthatdist(i;j) = k g d, k r,
Wi(isj) = Aic(iij; ).
Step3: Computeaveragecutsof normalizedaf nity:

A=W.D,'+:::+ WyD,!
A=A+AT

Solvefor the rst K eigervectorsV of A
Obtainadiscretesggmentatiorfrom V.

3. Experimentsand Discussions

The samesetof parameterare usedfor all the 400im-
agestested: s = 1;3;5 = 1;2;3, = 8orientations,
g= 123 = 002r =3, K =10 Fig.5andFig. 6 are
sampleresultsfrom the Berkeley SegmentatiorDatase{7]
andBerkeley basebalplayerdatasef8].

Figure5: Sgmentationsvith K = 2; 4; 8; 10.



Figure6: K = 7 for rows1-4andK = 10 for rows5-9.

Hierar chy of coarseto ®ne segmentationsAs already
seenin Fig. 2, theseresultsexhibit coarseo ne segmenta-
tions.Thereis nevera casethata binarysegmentatiorpicks
up a very small region, althoughthe boundarieanay not
be precise For example,Row 4 in Fig. 5, the segmentation
boundarieslo notsnapontothebackof thetigertill K = 8.
Rows 9-10in Fig. 5 alsoshav thatboundarie®f weakcon-
trastareautomaticallycompletedat a ne level sgmenta-
tion. Thereasonsare:1) af nity atlargerscalesonly cares
aboutgroupingrelationshipsat a larger distance;2) cuts
on thesegraphsinvolve the grouping preferenceon more
nodesasthey are connectecover a larger neighbourhood.
In otherwords, priority is givento the goodnes®f group-
ing at coarserscales.Thus ne details,capturedin small
scaleaf nity graphsarehonoredater

Handle texture and weak contours. Sucha coarseto
ne seggmentatiormostlyresultsfrom themultiscaleaf nity
atlongranges|2, 4, 6] have alsostudiedthe problemof ob-
tainingbetteraf nity measuresThey focusedonricherim-
agefeaturesThemultiscalenatureof groupingcueshasnot
beenexplored. Theresultshereshav thatin the multiscale
integrationframevork, asegmenteiusingentirelyedgesan
handlemosttexture andweakcontoursin realimages Ex-
plicit extractionof textonsmay not be neededFixing edge
mapsfor weakcontoursmaynotbeneeded.

The average cuts of normalized af®nity criterion al-
lows cue integration and offers numerical advantage
over the normalized cuts criterion. Although both cri-
teriashareduality andnormalizatiorof the af nity , thenor
malizedcutscriterion [12, 14] doesnot handlesimultane-
ous cutsthroughmultiple graphs.It cannotbe reducedto
normalizedcutson a singleweightmatrix. Therefore gven
if we could extend its de nition to multiple graphsasin
Egn.(12),thereis no simplenumericalsolution.

The differencebetweenthe two criteriais illustratedin
Fig. 7. At thesamdevel of sggmentationaveragecutshave
morepreciseboundariesandarebetterat groupingregions
of multiple scales Suchdifferencesaretypical andcanbe
understoodrom their de nitions. Averagecutsof the nor-
malizedaf nity haveaclearinterpretatiorof optimizingthe
goodnes®f groupingat eachscale.Fine detailswhich do
notcon ictwith coarsescalegroupingcuesareencouraged
to comeoutata coarsdevel sgmentationOnthecontrary
normalizedcutsof the normalizedaf nity treatneighbours
atall scalesaltogetherthussmalldetailsthatonly in"uence
the groupingof a few nodesaretoo insigni cant to be ac-
knowledgedat a coarsdevel segmentation.

Simpli®ed multiscale interactions. How to integrate
grouping cuesat multiple scaleshasnot beenwell stud-
ied. A relatedwork is [11], but it is more concernedvith
the speedandthe granularityof low-level sgmentation A
commonbeliefis thatcuesatcoarsescalegendto primethe
groupingbehaiour at ne scalesanda hierarchicalprece-



Figure 7: Segmentationsrom the averagecuts (row 1) andthe

normalizedcuts (row 2) of A respectiely. K = 5;7. Average
cutsfollow curvy boundariedetterandalsoallow thethin tail to

emepe togetherwith the big torso,whereasormalizedcuts can
only take careof big structuresat coarsdevel segmentation.

denceis often assumed10]. This work suggestsa simple
alternatve: to make the bestuseof cuesacrossscalesjust
let themcontribute within their mostreliableranges.
Numerically fastand ef®cient.ForN pixels,M graphs,
B = (2r + 1)? neighboursW; ..., Wy altogethethave
N M B nonzeroentries.The numberof connectionss
linearwith respecto N, yetthey containlong rangecuesas
farase.g.r maxg maxd( ) = 3 3 15= 135pixelsaway!
A furtherreductionis achievedby choosinghetop few best
friends.All resultshereareobtainedwith B = 10, andthe
total runningtime in MATLAB on a PC with 2GHz CPU
and 2GB memoryis about100s for thosein Fig. 5 (size:
160 240 and600sfor Fig. 6 (size:400 400). Two fac-
tors contritute to the speed Oneis the multigrid technique
that keepsthe connectionssparse.The otheris that af n-
ity atall rangesmalkesthe eigensolutiorcornvergefasterin
short,sparseyet completecuesmake groupingeasier
Finally, I'd liketo concludethe papewith resultsontwo
extremeimagesthatillustrate the problemsof texture and
weakcontours(Fig. 8), motivating future researcton mul-
tiscale texture segmentatiorandboundarycompletion.
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