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ABSTRACT

In geneal puposecompuer vision systems,unsipervised
imageanalysiss mand#ory in orderto achieze anautomatic
opeation. In this papera differert apprachto imagesey-
mentatim for naturl sceness preseted. Scale-Spaceep-
resentations usedto extrad the structue from meanindul
objectsin theimage.Two differentscale-spacesreanalysed
in the paper. On onehandlsotropicDiffusion (linearscale-
space)s presenteasthebasisfor anuncommittedfront end,
notrelying on ary specialfeatureof theimage.Ontheother
handthe Total Variation Diffusion (norntlinear scale-space)
which makesa specialemphasin edges is alsoanalysed.
A hierardical deconpositionof the imageis performedon
the basisof the specialcharactdstics of eachscale-space.
Iso-intensitypathswill betrackedin thecaseof linearscale-
spacewhereasn the caseof non-linearscale-spacthe evo-
lution of level setsthroudh scalewill be tracked. In the
framework of linear scale-spacdhe useof additianal infor-
mationto improve the robustressin the structureextradion
is introduced. Appat from the setof several diffusedver-
sionsof theimage arepiesentatiorof edges through scaleis
included to supevise the geneation of the hierachical tree
thatrepresets theimage

1 INTRODUCTION

1.1 Scale-Space

Evidenceshave beenfound thatthe HumanVisual System
(HVS) periormssomestructureanalysison theincomingvi-
sualdata[4, 7]. Thestructureof imageshasa closerelation
with multi-scalerepresentation{4]. Oneof the clearestex-
amplesof multi-scale(or multi-resolution)datarepresenta-
tion is Scale-Spac§l4]. Sucharepresention is compsed
by the stackof successie versiors of theoriginal datasetat
coarserscales. It is assumedhat, the bigger the scale,the
lessinformationreferedto local chaacteristicsof theinput
datawill appear We alsoimposethat geneal information
applying to large scaleswill lastthrough scale. Takingthat
into account, it is reasonale to think thatlocal andhighres-
olution scaleinformation canbe relatedto geneal andlow
resolution information. This will enableusto extractimage
structue.
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1.2 Scale-Space Flavors

Scale-spacesanbe geneatedon the basisof mary dif-
feren principles. It is just necessaryo be ableto obtaina
descriptim of imagestructureshroughscale. Accordirng to
the apgication, it will be possibleto derive the scalestack
from differentscaleopegtors.In theliterature, differentap-
proachescanbefound Generakbompaisonsareavailablein
[11, 19. A roudh classificatiommight be:

Linear Scale-Space is aoneparametefamily ofimagesde-
rivedfrom thelineardiffusion (or heat)equatia [7].

Non-Linear Scale-Spaces relax the constraih of uncom
mitmentin the processingof visual information, but
keepthemainpropetiesof ascale-spacp, 10, 12, 16.

Depenihg on a prior knowvledgeabou the characteristicef
theimagedo analyseanonlinearonecanbeselectedThis
will allow to take adventageof somespecialfeatureandwill

allow to presere someimageparticuarity.

2 LINEAR SCALE-SPACE

Whenthereis noknowledgeabouttheimage,it is notpos-
sible to predictwhich will be the mostadwentageos scale-
space. In that case,the bestis to stay on the basisof an
uncanmittedvisualfront-end[17] whele propertieslike lin-
earity, spatialshift invariance,isotropy andscaleinvariance,
will bekept. Suchasetof propertiess satisfiedoy theLinear
Scale-Space.

Assumptios made by Lindeterg [17] are based on
the idea of using successie convolutions to gereratethe
scale-spaceKoendrink first realized[7] whatshouldbethe
basisfor imagestructue analysis.Unde severd constraints
he definedthe diffusionequation given by (1), asthegener
atorof its scale-space.

8l (7,1)
a1

wherel standdor theluminane of theimagewhichdepeads
on Z, position andt, scale.

From (1) andfrom the corstraintof usingconvolution to
geneatethesubseqantscalelevelsonefindsthattheunique
kerné thatsatisfiesothis the Gaussian:

= AI(Z,1), 1)
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Thereis animportari additianal result. Spatialderivatives
of the Gaussiarareaswell solutionsof the diffusion equa-
tion, andtogetter with the zerah order Gaussiarderivetive
they form a completefamily of differential operates [17].
From this, multiscaledifferential analysis canthus be per
formed.

2.1 EdgesThrough Scale
The secondderiative of the Gaussiaris given explicitly

by:
z? + 42
exp (— 5,2 ) 3)

Insteadf usingit diredly, we appioximateeq. 3 by usingthe
Differenceof Gaussian§DOG). To detectedgesn scalethe
differencebetweentwo consecutie levels of the Oth order
linear scale-spacés computedfollowed by a zero-cpssing
detection
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whereo; > o5. InFig. 1 oneseeshow mostimportant edges
lastthrough scale.

The useof edgerepiesentatiorthrough scaleon the basis
of the secondderivative of a Gaussianijs nothirg elsethan
awaveletrepresentatioof theimage.In this particula case
the useof a secondderivative of a Gaussiars known asthe
MexicanHat wavelet[15]. Thisis anotter analoy with the
HVS [4]. Sincethereareevidenesof certainsimilaritiesbe-
tweensomepartsof the HVS analysisandwaveletanalysis.

DOG (z) = Ay exp (—%) —As exp (—%).

Figurel: Edgerepresentatiorthrough scaleusingDOG (lev-
els1,4and7). 1 sampleper3 octaves(first sampleonthefirst
octave)

2.2 Linear Scale-Space Segmentation:
through space

The algorithm for the constriction of the structure is
basednthetrackirg of theiso-intensitypathsthrough scale
[11]. Otheralgorithrs whereproposedrelying on extrema
[20, 13], but we consideedto bemore consistenandgeneric
to searchor theiso-intensitypaths[11], sinceimagepixes
cannotbefully describedy extrema.

Figure 2 shaws a simple schemaof the idea. Levds are
linkedin atreelike structue. Theselinks corvergethrough

Linking up

scaleaccordng to the rediction of informationimposedby
thelow-pasdiltering.

The basicprablemthatarisesis the searchof paren pix-
elsatalargerscale. Vincken[11] proposesasmain linkage
criteriathegraylevel differencebetweertwo differentpixes
of differentneigtborlevels. Thosepixds having the smallest
differencefrom alimited spatialneigrborhadwill belinked.
Thatmears thattakingavalid pixdl from a deterninedlevel
(a pixel who hasat leastonelink from the level belaw), a
searctonacircularareaarowndthatpoint will beperfamed.
This searchareais proportionalto theinnerscale.

-
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Figure2: Hierarchicakanalysisof theimagestructurdinking
pixelsthroughlevels.

Thislinking procedire[11, 2,1, 3] from levelto level does
not take into account the oriertation of structues. It looks
for the nearestmost suitablepixel in a circuar area. This
is periormedindependentlyof the shapeof theregion where
bothpixels(child andparent)belong This uncorirolled link
searchurnsinto thepossibilitythatpixels canbelinkedout-
sidetheregion they representAlthoughit is locally truethat
themostsimilar pixels in theupperevel areverylikely to be
thebestparentdor thechild pixel, whensearchwindows are
large, children pixels canfind sometimesetterfits for their
graylevel somedistanceaway from thesupsedidealpixel.
In this situation,whenpathsevolve through scale this small
mistale turnsinto a divergenceof awholebrarch.

Figure 3 shaws the algorithm we proposeto redice the
divegene of pathsduring linking. Whenlooking for there-
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Figure3: Wronglinkageprodem.

lation betweertwo pixels,we testif they belongto thesame
region or blob at that scale. This mears that whenlooking

for linkage, all thoselinks that crossan edgeof the second
derivative representatio at the samescalelevel will not be
takeninto account. It follows that the areaof searchfor a

paren pixel is modfied. Only thatareathatis includedinto

theblob of the child pixel is takeninto accounin the search
window.



2.3 Segmentation Experiments
2.31 Edge Supervisiorinfluence

Edgedetectionis intendel to avoid incomect linking be-
tweendifferent regions separatedby an edge. In Fig. 4 we
seethe effect of the useof edges. Both sggmentationsare
computedusingthe sameparanetersandaresggmenedon
the basisof the samescalelevel. The only differenceis in
theuseof edgedo supervisghecorrea linking.
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Figure4: Comparisorof the effect of edgedetectionon the
segmenation. Segmentatio of the image Segi. Levd of
segmenation: o,, = 25 pixels (left: notusingedgss, right:
usingedges).

An improvemen is clearly seen. In the Fig. 4 the most
relevant detailsaresignaledwherethe useof edges aremore
influert. In Fig. 4 (left) we seehow partof theheads meiged
to thebody, andnext to the picture onthewall, thereis alit-
tle box, which doesnot appearon the sgmentatio without
edgesln Fig. 4 (right), sincewe usetheedgesat eachscale,
we keepfrom linking throughthem,andwe succes# avoid-
ing theincorrectlinking of theheadjmproving thedefinition
of thecontaurs. Finally theregion thatdefinegsheboxonthe
wall is kept,andnotwrondy merged.

2.32 ScaleSelection
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Figure5: Obtainmen of meanimful objects(down) using
theScale-Spagseggmentation(regionsup). Level of sgmen-
tationareleft: o, = 30 pixels,right: o,, = 25 pixels.

Image structuregives a hierarclical descriptionof the

scendhroughscale.Asit is explainedin section2.2,in order
to obtainthesegmerisascalelevelis selected This selection
contibutesto setthe rods of the hierarclical treethat will

representthe whole sggments andto implicitly selecttheir
appoximatesize. In the uncerlying ideaof the presentsey-

mentatia principle, this selectionof roats would be carried
by a high abstractionlevel layer This would interpret the
structure obtainedrom the analysisusingthe scale-space.

3 NON-LINEAR SCALE-SPACE: TOTAL VARIA-
TION DIFFUSION

As shavn in the previous sectionwith the help of nuner
ical simulations,locally supersing image edgesimproves
segmenationresults. This is easilyexplairedin the settings
of ouralgoithm by thefactthatwe don't link pixelsthatbe-
long to different stucturegshrough scales.A simpleway of
achieving thesametaskin anunsupevisedmanrerwouldbe
to usea norlinear scale-spacé which cokerentstructures
arepreseredby theflow. Accordirg to theHVS, edgesare
very importtant primitivesin naturd images. We emphasize
thatthey shoud be consevedin orderto avoid wrong link-
ing andthis pavesthe way to usingnon-lireardiffusionasa
natuml scale-spaceandidte.

First studiedby PeronaandMalik [8] for imageprocess-
ing, nonlineardiffusion is realizedthrouch a geneal Partial
Differential Equaion (PDE) of theform ;

O _ div (g(Iv11) , 5)

ot

whereV 1 is theimagegradien andg is a decreasindunc-
tion. Theideais to smoothout homaeneos region asin
thelinear heatflow, while enhancingbowundaries.Interested
reades arereferredto [10, 6, 9] for exhatstive reviews of all
associatedechniges. Onesuchexanple, thatwe will use
in the following, ariseswhenonewantsto minizethe Total-
Variationnormof theimage[5]:

Wiy = [ 1911 ©®)
R2
Gradien descenbf the previousequationleadsto solving:
ol . VI
5= div (W) . @)

An examge of sucha norinear flow is shavn in Figure7.
Let us definethe isolevel setsof animage! asthe setsof
pixelssatisfying:

xx = {z, I(z) = \} . (8)

Sincethe TV flow is an anisotrofc diffusion, it will have
atendang to smoothreguar partsof the image,while pre-
servingits edges. The net effect of this evolution is a sim-
plification of the isolevel setsof the image: weak edges
are beingeroded while strongedgeswill lastlongerwhich
meansthat small uncortrastedobjectswill be memged into
pronminentstructues (this canalreadybe seenin Figure7).



Figure 6: Exampleof nonlinearTV flow.

Actually it canbe shavn thattheisolevel curvesof theim-
age,.ethebordesof isolevel setswill movein thediredion
of theirnomalwith aspeedgropationalto theinverseof the
gradent magritude[10].

Sinceedgesare preseved in this new scale-spacéinter-
preting time ¢ as a scaling paraneter), and since simpli-
fication arisesat the isolevel setsstage,we cannow pro-
posea sggmentation algorithm basedon the ideasdevel-
opedin section2.2 We first build the norlinear scale-space
stack,S(z,t), by lettingtheimageevolve underthe TV flow.
S(z,t) is the solutionof (7) attime ¢ with the origind im-
ageasinitial condtions. For eacht we thencompite the
isolevel setsy . A thorowghinspectionshowvs thatthenum-
berof thesesetsquickly diminishesast increases Moreover
the edgesof natura structuesarebeingautomaically han-
dled this way. Thenfor two consecutie evolution timest;
andt, we seekto link the correspndirg isolevel sets. Let
X, beoneof thesesetsat time ¢;. We simply look at all
thesetsys attimet, thatoverlap x, andwe link with the
isolevel setwhoselevel valueis closerto thatof x », . In such
asimplestratay, all level setsattime ¢; arebeinglinkedto
parers attime ¢to. We thenmanag this treein away similar
to thelinearcase.Theresultsof this algoithm aredisplayed
in Figure7 andshov a definitive improvementwith respect
to the heatflow basedalgorithm

Figure7: Exampe of segmenationusingthe TV flow.

4 CONCLUSIONS

In this work we have introducedtwo effective sggmena-
tion algorithns. In the linear scale-spacease,the use of
edgesupenision improves the results. On the otherhard,
thefactthatedgesare preseredin the diffusion processit-
self (Nonlinear case)is a greatadwartage of the nortlinear
case.Moreover, sincethelinking procedureis in avery pre-
liminary stage,we considerthe resultsvery promising and
verylikely to beimproved. In additionto the studyof anop-
timal linking procedure the searchof otherPDEsbasedon
imageprocessingonstrénts (affine andcontrastinvariarce
for examplg will beveryinteresting
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