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Abstact— A new method of image segmentdion basedon building up
a hierar chical treethr ough non-linear scalespaceis proposed.Non-linear
scalespacecreatesfr om the origi nal image the whole family of blurr ed im-
agesbut keepssharp region boundaries. This characteristic of preseving
edgegur nsout to beextremelyusefulin choosingalinking strategy through
scale
Segmatation is realized in two stages.First, the setof blurr ed imagesof
the scale-spae are split into a number of spatial regionscomposedof pixels
with similar intensity levels. Second,a parent-child linking betweenthe re-
gionsof successive layersis performed basedon tracking level setsthrough
scale Suchprocesswill generae a scalespacehierarchical tr eethat induces
a segmeatation without a prior i knowledge. Experimental resultsbasedon
natural imageswith respec to the hierar chy and segmentation are given.

Keywards— Scale-Spae, PDE , unsupervised segmatation, edgedetec-
tion, hierarchical tree.

|. INTRODUCTION

In the early stagesof visual information processingone of
the mostfundamentaland complex tasksis segmenation. Al-
thoudh well posedthe segmentationproblemstill does nothave
generasolution Thereexists alarge numbe of imagesegmen-
tationtechniqes, howvever, mostof themarebasedon local or
global analysis.The key point in our appr@chis the idea of
combiring bothof them.Thesegmentatio techniqieaddessed
in thisprgectis strondy relatecto themultiresdution paraligm
thatis the multiscalerepresetationof theimage.We attemptto
getaglobalview of animageby exanining it at mary differert
scalelevels.

In the recen yearslinear scale-spaceepresetationsof im-
ageshave receved a lot of attentionin the image processing
community asit turnsout to be a suitableframework for tasks
like featureextraction imagerestoration noiseremoval, edge
detectionaswell assegmentatio. The main adwartageis that
this multiresdution technquesgivesa deepandglobd knowl-
edgeof animagestructure.

The idea of multi-scaleanalysisusing the propertiesof the
Gaussiarscalespacewasintroducedby Koendeink [1]. From
this, mary attemptshave beencarried out to build up multi-
scalelinking stratgies,e.g by Vincken [2]. Lifshitz and Pizer
[3] extenced Koendeink’s schemd1] in orderto build up the
socalledextrenmum stack,mainly focusingon heuisticsandthe
perfamanceof the algoritm. All thoseattemptsstronglyrely
on the main charactastics of linear scale-spac&hich are not
pronising for our apprach.Our mainideais to tracklevel sets
throwgh scale-spacéiencea suitableframework for usis given

by edge-peservingschemesBut linear scale-spacbasthein-

corvenientproperty of blurring the "semanticallymeanimgful”

edgesat coarserscale.One possibility to overcomethis prob-

lemis to referto themoregeneraklassof geoméry-drivendif-

fusion schemegreservig the region bourdariesbeing sharp.
Therebreourmainideais to usenonlinearscalespacean order
to sggmentgrayscaldmagesinto regions of interest(meating-
ful objects).In particdar, we exploit the Total Variation(TV)

modé [4] asa specialcaseof anisotrojic diffusion.

A sggmenation algorithm hasbeenproposedfor exploiting
the structue of nondinear scale-spaceAs we blur the image,
theregions borderedby edgesecomeuniform andthe smaller
regionsmemgeinto largeronesat coarseiscale At a sufiiciently
low level of resolutio, the whole imagebecones one region.
We attemptto corstructa hierardiical treethatlinks all regions
within the sameobjectinto a single region at a certainscale
unde aTV flow.

This paperis structuredasfollows. In sectionll a basicin-
trodwction to Scale-Spagis givenThis leadsto the multi-scale
hierarty presered in sectionlll. This sectioncontainsa de-
taileddescriptionof the hierardiical algoiithm usedfor the seg-
mentationof theimage.At theendof this section,exampes of
severalresultsobtaired usingour new technigie arepresented
We concluck the paperin sectionlV.

Il. SCALE-SPACE

Linderberg [8] obseved that objectsin the world appearin
differentwaysdepenihg on the scaleof obsenation. He gives
asasimpleexamge theconcet of abrarch of treewhichmalkes
senseonly at a scalefrom a few centimetergo at mosta few
meterswhile it is meanimglessto discusghetreecorceptatthe
nananeteror kilometerlevel. Besideghis multi-scaleproperties
of real-world objects,it is necessaryo copewith the compex-
ity of unkrown scenesand noise.Due to various degradation
sourcedik e the noisefrom theimageacqusition systemor the
" salt-andpaper”noisethat usuallyoccus dueto communica-
tion chanrel transmissiorerras, theinformationwithin asingle
imageis notsuficientto obtainareliableseggmentatio. There-
fore, in geneal, sggmentatio method that opeate on multi-
ple images eitherconrectedin spaceor time, will improve the
final sgmentation. This brings us to the conclwsion that for a
deepundestandingof theimagestructure multi-resdution im-



agerepresetationis necessary

Onepossiblerepresentations to embedthe imagein a one-
paraméer family of images. Startingfrom the datal(Z), one
creates family of images/ (&, t), wheret measursthe”scale”
or the"time”, by settingI (#,t = 0) = I(Z). This methodde-
rives,from oneimage a holestackof imagesasit shovnin Fig.
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Fig. 1. ScaleSpacestack

A one-mrameterfamily of imagescanbe geneatedon the
basisof mary different principles. A possiblederivation is the
lineardiffusionequation

oI (%,t)
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where! standsfor the luminarce of the imagewhich depemls
on the positionZ andthe scalet. From (1) andfrom the con-
straintof usingthe convolution in orderto gereratethe subse-

guentscalelevelsonefindsthatthe unique kernelthat satisfies
bothis the Gaussiariunction:
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This ideaof generatig coarseresolutionimagesby corvolv-
ing theoriginal imagewith the Gaussiarkerrel wasintroduced
by Witkin [9] andKoendeink [1] andthe resultingstructureis
known as linear, or Gaussianscale-spacel.inear scale-space
represetationhasbeenstudiedin deepespeciallyby Lindebeg
[10] andoneof the mostusefulresultsis thatthis setof filters
enabledo compue thederivativesof adiscreteémage.

But this scale-spactechniaie blursimporttantimagefeatures
suchasedgeslin addition it displacegheedges.e.,whenmov-
ing from finer to coarserscalesit dislocateghe edges.Since
ourmainideais to exploit intraregion smootling through scale-
space we needan othertechniqe that overcome this major
drawvback and encouagesintraregion smoothimy in prefaence
to interregion smootling. It turns out that thereexists a class
of partial differentialequation(PDE) basedmethod thatlend
themselesto fastnumerical implementations All of theseare
nonlinear mocels anddiffer in the diffusion coeficient and/or
thediffusionterm. A goad descripion of thesediffusion meth-
odscanbefoundin [11].

In this pape we usedthetotal variation (TV) blurring andde-
noisingmethodbasedon a variatioral problemwith constraints
usingthe total variatian (TV) nom [4] asa norlinear differen-
tiablefundional. Theformulationof this model wasintroduced
by RudinandOsher{4] andthe mainadwantagds thattheir so-
lutions preseres edgesvely well. The detaileddescriptionof

the modelcanbefound in [12]. Herewe will just give explicit
numeical schemegor the 2D case:
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with u(z,y,0) being the original image. As t increaseswe
apprachto a blurred versionof our image,and the effect of
the evolution shouldbe edgedetectionand enhaementand
smootling ascanbeseenin Fig. 2. TV flow wasour chdce for
building up a stackof blurredimagesecausé¢his methodgives
avery simple,stableandexplicit procedire with the choiceof
paranetersalmostuserindepenant. Moreover, the implemen
tationof this algarithm is quite simpleandfast.

(a) Level 2 (b) Level 48 (c) Level 96

(d) Level 128 (e)Level 192 (f) Level 256

(g) Level 384

(h) Level 1024

Fig. 2. ScaleSpacerepresatation atdifferentscalelevel.

Summaizing, thestructureof imageshasacloserelationwith
themulti-scalerepresentatiorwhichisa TV mocklin ourexam
ple. Sucha represetationis compasedby the stackof succes-
sive blurredversiors of the origind datasetat coarserscales
while preserviig edgesThe bigger the scale the lessinforma-
tion refereed to the local charactestics of the input datawill
appearbut the geneal information suchas edgeswill remain
throwgh scalesTakingthatinto accoun, it is reasonale to think
thatlocal andhighresoldion scaleinformationcanberelatecto
geneal andlow resolutio information. This will enableusto
obtainanimagesegmernationscheme.

I1l. SEGMENTATION ALGORITHM

Aswealreadymentioned,TV flow equatios perfam intrare-
gion smoothilg while maintairning the edgedefinition Thete-
fore as we blur the image, smaller regions inside the object



meige into larger oneuntil it turnsinto a "meanindul” object
atacertainlevel of resoldion. We wantto link all thoseregions
thatbecomeamoreandmoreuniform with respecto thescaledi-
rection.Thekey ideais in the constitutionof a hierartical tree
undera TV flow thatlinks all pixels within "mearingful” object
into asinglepoirt.

By partitionof a givenimageinto regionswith similar inten-
sity oneachscalewe canlink eachregion with the closest”one
onthenext scale andbuild up ahierardicaltreewith eachof its
nodesbeinga region Regionsat two subsequat scalescanbe
linkedonly if they overlapatleastin onepixel andtheintensity
differenceis thesmallesbneamory all theovedappingregions.
Therebre,weareableto defineanobjed aspartitiors of theini-
tial imagethatareconnetedto the sameregions at somefixed
scalelayer In this way, the segmentatia is obtaine by group-
ing regions of the initial scalelevel correspadingto the same
region atsomefixedscalet.

Scale

-

Original

Fig. 3. Linking strategy through the scak-space

Using the algoiithm previously praposedfor ary given data
set, it is always possibleto corstruct a hierachical tree and
induce a sggmentatio. Here is the constructio procedire to
implemen the proposedhierarctical algoithm. The iterative
schemeworksasfollows:

SEGMENRATIONALGORITHM
Initialization ¢ =0
1. Calculateanimagel; of scalei usingequation3.
2. Splittheimageof scale: into regions o;, in suchaway that
eachregion corsistsof neightoring pixels with intensitydiffer-
encesmallerthansomepredefinedthresholdr.
3. If i > 0 perform linking betweerregions of two subsequen
scalesi — 1 andi. For every region at scalei — 1 find the cor
resporling oneat scale; with the smallestintensitydiffererces
with corstrainsof overlapping atleastin onepixel.
4. i=1i+1.
5. If i = t stopotherwisegoto stepl.

In this way, a hierachical treeis constrcted with the scale
beingtheheigt. Theheadof eachlist correspondgo regionon
the initial scaleandits tail annihlates at a certainscalelevel
t. Theimageis sgmentedby groupingtheinitial regions con-
nectedto the sameregion at somefixed scalet. Segmenation
resultsarepresetedin figures4 and5. We obtainal thesefig-
uresby applying the sggmentatio algorithm at different scale
levels t. On the first imageof Fig. 4 we canseesomeobjects
dueto the noisebut aswe continte linking through the scale,
thosesmallobjectsmeige into abiggerone.Olviously, asfaras

we gothrowghthescalewe will have the sggmentedmagewith
lessandlessdetails.OntheFig. 5, we canseethatif we stopour
algorithm at scalet = 512, the hair, the faceandthe scarfare
still recogqrizedasanobjectsbut at¢ = 768 the hairis alreaq
meiged with the faceandrepresets one object. Eventually, if
we perfom linking up to t = 3072, the hair, the faceandthe
scarfaremeigedinto oneobjectthatrepresentsa person

Sufiiciently goodresultshave beenobtaired but somework
needsto be dore to automatizesomemodé parametes. Ob-
viously, the appopriatechoiceof the stoppng scaleparaméer
t repesentsonedifficulty. It canbe chosermanually or if the
numker of objeds is knowvn we canstopat the point whenwe
reachthe predefired numbe of segments Also onelack of this
apprachis thechdce of theintralevel threshdéd T usedfor con-
nectingneigtboring pixels into a region within a single layer.
Sincethiswork is ataverypreliminary stage, I’ wassetup man-
ually but improvements canbe donefor anautomaticselection
of theadaptve intralevel threshdd.

(a) Level of sgmen-
tation: ¢t = 2

(b) Level of seg-
mentaton: ¢t = 128

(c) Level of segmen- (d) Level of
tation: t = 1536 segmentdion:
t = 4096

Fig. 4. Segmenttion resuls obtanedapplying linking stratey up to different
level ¢ of scalespace

IV. CONCLUSIONS

For theintegration of low-level, pixel basedocal imagefea-
turesto obtaina global objectbaseddescriptionwe proposea
fine-tocoarsescalespacdrackingtechniqee. For naturalimages
we show that nortlinear scale-spacé&acking canbe implicitly
implemenedby trackinglevel setsthrough scale-space.

Theaim of this paperis to combinethelocal andglobalanal-
ysesof theimage.The proppsedappoachexploitesthe proper-
tiesof nondinearscale-spactakinginto accoum mary different
resolutionlevels (global view) andgivesthe multi-scalelinking
stratgy which conrectsneightoring pixels (local view). Two
typesof links are introduced to explore the deepstructureof
noniinearscale-space:

Interlevellinks conrectingtwo successie layersof nonlinear



(a) Level of sggmen-
tation: ¢t = 512

(b) Level of sey-
mentdion: ¢t = 768

¥ t"‘,‘

(c) Level of sgmen- (d) Level of
tation: ¢t = 3072 segmenation:
t = 16384

Fig. 5. Segmenttion resuls obtaned applying linki ng strateyy up to different

level 4 of scalespace

scale-spacstack.
Intralevd links comectingneigtboring pixels within alayer

Therebre, usefulPDE basededge-peservingmethals provide
a naturalframework for scale-spacdracking andinduce seg-

mentationwithouta priori knowledge.

Expeimental results obtainedby applying proposedalgo-
rithm aresuficiently goodwithout any post-pocessingactivity.
Moreover, the propsedalgaithm hassomemajoradwartages:

« Themodelis basedon PDE methalsthatlendthemselesto

fastandstablenumeical implementations.

« Thetechniqegainsaglobal view of theimageby consideing

amulti-scalerepresentatioof it.

« Thesegmentation algoithm is simplein termsof implemen-

tationandcomputationallyinexpensie.

« Sinceateachiterationwe only work with two successie im-
agesof scale-spactayers,storingthe whole stackof imagesis

avoidedandjustasmallamourn of memay is needed.

Sinceour researchis at a very preliminary phasewe con-
siderthat the resultsare very promisingandvery likely to be
improved. In addition our future efforts will befocusedon the
automaticselectionof model paraméersandon a 3D imple-
mentationof our algorithm Also, for the future work it would
beinterestingto applythe proppsedsegmentatio algaithm on
the other geometrydriven edge-presering diffusionssuchas
Beltrami Operator]5], Min/Max flow [6] and Affine Invariant

Gradient~low [7].
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