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Abstract— In general purposecomputer vision systems,non-supewised
image analysisis mandatory in order to achieve an automatic operation. In
this paper a differ ent approachto image segmentation for natural scenesis
presenta. ScaleSpacerepresentationis usedto extract the structur e from
meaningful objectsin the image. A hierarchical deconposition of the image
is performed from the iso-intensity paths. The ScaleSpacestack is gen-
erated using isotropic diffusion on the basisof linear ScaleSpacetheory.
From that, the independenceof the algorithm from the image content and
particular characteristicsis ensured. In the framework of this work, it is
alsointr oduced the useof additional information to impr ove the robustness
in the structur eextraction. In addition to the setof several diffused versions
of theimage, arepresentation of edgeshroughscaleisincluded asa feature
in order to supewisethe generation of the hierarchical tr eethat represents
the image.

Keywords— Scale-Spacegisotropic diffusion, unsupervisedsegmatation,
edgedetection, Wavelets, image structur e,uncommitted visual fr ont-end.

|. INTRODUCTION

In the future, smartsystemg[1] relying on visual informa-
tion will needfrom generalpurpose non-adaptedvisual front
ends.Thesewill have to adaptto the mostdiverse situations
andscenebeingits working principle independen of particular
featuresof theimage.Theideaof an uncanmittedvisual front
endin compuer vision s very closelyrelatedto the corceptof
artificial intelligerce. Sucha systemshouldbe ableto identify
meanindul objectsin the sceneindepadently of its nature.lt
is for surethat, despitea completeuncanmitmentis desireda
smartsystemwill be suppsedto have someprevious knowl-
edgeabaut the objectthat will be identified Anyway, before
sucha high level of imageunderstandinga lower level of anal-
ysisis necessaryo extractfrom the scenesuitableinformation
aboutits gereralcharateristics.

In the literatureappeamary imageand sequenesanalysis
algorithmsthataremoreor lessbasedn low level featuresAn
elaborged andcomplée statisticalbasedexamge canbefound
in [2], [3]. This appr@chhasdemamstratedto perfom well in
several apgications, but is not lessexpersive compuationally,
Anyway, it hasalsothe evidene of keepirg somedepenénce
on human supervisionsincea large numbe of parametes and
factorsneedo betuned Thus,ageneraktatemenof thepresent
prodem canbe explainal as: The necessityof somemethalol-
ogyto extractandtreatthe mostimportantinformationandfea-
turesof animageor sequencevith absoluteor almostabsolute

independencef humanintervention.

Oneof the mostrelevant informationscortainedin animage
is structurelt gives informationabouthow thedifferent regions
in a sceneare organized.Structuregivesa goad low level ba-
sisfor a primary orderirg of information. It allows to perform
anearlyclassificatioraccordimg to scaleandconsistentegions.
In fact, studies[4], [5] stablishlinks betweenanalysisof im-
agestructureandthe HVS (human visual system).In particu
lar, thereare evidencesaboutthe possibility thatthe brainuses
somekind of scale-spacéike analysisto perfam prelimnary
processingontheimagesbefae ary semanticatlassificatioris
realized.It follows from this fact thatin casethe HVS really
usesthis principle, it is a very naturaldirectionof evolution for
comptervision systems.

Theuseof scale-spacespresentatiorto perform earlyimage
analysisprovidesatool very suitableto extract theimagestruc-
ture. Furthemore, it allows a noncommittedconfiguation in
a particdar caseof scale-spacelhe ideaof multi-scaleanaly
sisto perform unsupevisedlow level imagesegmenation was
alreadyintroducedby Burt et al. [6] andfurther developedby
Ziliani and Jensen[7] to a multi-scaleand multi-featurealgo-
rithm. They usedthe ideaof hierarclical repesentatiorof the
input datafor sggmenationpurpces.

Theconcep of the necessityof analysingmagestructue for
a suitableimageundestandingwas introduced by Koenaerink
[8]. Fromthis, mary workshave app@redonseverd directians.
On linear scale-spacel.indebeg [9] hascometo be a refer
ence.Fromthe scale-spacéheory andfrom the fact of evolu-
tion throudh scaleof differentimagepheromenadifferentap-
proahestrying to extractstructureérom thechangssufferedby
extrema canbe foundin theliterature,seefor exanple Lifshitz
[10] andHenlel [11]], [12].

In this paperanapprachto a possiblenoncomnitted visual
front-endis preseted. On the basisof the work perfamedby
Vincken[13] for medicalimages,a new scopeis proposed.On
the idea of a possiblegeneal compuer vision systemseveral
expeliencesare realizedusing the imagestructure A promis-
ing future is foreseerfor alarge spectrm of applicatiors where
the supevision of acomputersystemwould be desired andthe
main input is visual information. Additionally to the low-pass
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represetation throudh scale,the useof multi-scalebandpass
informationis usedaswell. Takingthe HVS asexampe add-

tional informationis introduwcedin the datasetanalsis for the
generdon of thehierarclical treethatwill holdtheimagestruc-
ture.As it will be seenlater, this comesfrom thefactthatHVS
beside®f extracting objectsstructure makesgreatemptasison
edgesThis will improve the precisionon the detectionof con-
sistentsegmerts accoding to meanimgful objects.

This pape is structuredas follows. In sectionll a gen-
eral introdwction to Scale-Spacesan be found In sectionlll
Vincken's[13] hierarchical sggmentatio algaithm is described
SectionlV presentswo possiblebasisfor edgerepresentation

through scaleandthe bestfit for our applicationis discussed.

SectionV will shav how theinformationfrom edgescanbein-

cludedin theretrieval of imagestructure Finally severalresults
arepresentd anddiscussedn sectionVI followed by the con-
clusionsin sectionVII.

Il. SCALE-SPACE

The structureof imageshasa closerelationwith multi-scale
represetation. One of the most clear exanples of multi-scale
(or multi-resolution)datarepesentations Scale-Spacesucha
represetationis commsedby the stackof successie versions
of the original datasetat coarserscaleslt is assumedhen,the
biggerthescale thelessinformationreferedto local character
isticsof theinput datawill appearAnyway, we alsoimposethat
generé information apgying to large scaleswill last through
scaleTakingthatinto accoun, it is reasonhleto think thatlocal
andhigh resolutionscaleinformationcanbe relatedto geneal
andlow resolutioninformation. This will enalte us to extract

imagestructue.
g Coarser levels

Increasing t
of scale

/e Original
Image

Fig. 1. ScaleSpacestack

A. Scale-PaceFlavars

Scale-spacesanbe gereratedon the basisof mary differert
principles.|t is justnecessaryo beableto obtainin someway a
descriptionof theimagestructureshrough scale.According to
theapplicationit will be possibleto derive the scalestackfrom
different scaleopeators.In the literature, differert appoaches
canbefound. Generalcomparisonsareavailablein [13], [4]. A
roudh classificatiomrmightbe:

Linear Scale-pace is aoneparametefamily of imagesierived
from the linear diffusion equation. Koendeink [8] derived the

unigLe linearkernelthat satisfiessuchcondtion: the Gaussian.

Furtherdetailsaregiven in sec.ll-B, sinceit is the basefor the
presentvork.

Non-Linea Scale-Pacesrelax the corstraint of uncmmmit-
mentin the processingof visual information, but keepirg the
mainpropertiesof a scale-spaceSsomeof themare:

1. Luminarce conservilg scale-spacesvhere exanples are
Gradiert depenént diffusion [14] and Tensor Depemient Dif-
fusion[15].

2. Geometric flows where the evolution throwgh scale of
cunes andsurfacesarecorsideredasa function of theirgeom
etry[16].

3. Morphological scale-spaceare the onescomirg from the
successie erosionor dilation of animagewith a structurirg el-
ementof increaingsize[17].

Thechoiceof oneor otherprinciple to obtainthe derived setof
imagesat different scalesis a matterof the particdar apgica-
tion. Depenihg onthepreviousknowledgeabou the charater
istics of the imagesto analyseone can be selected.That will
allow to take adwantageof somespecialfeatureandwill allow
to presere someimageparticuarity.
In the casewherethereis no previous knowledgeof the kind
of scene,it is not possibleto foreseewhich will be the most
adwartageousscale-spacdn thatcasethebestis to stayon the
basisof theuncanmittedvisualfront-end[18] whereproperties
like:

« linearity,

« spatialshiftinvariance,

« isotropy,

« scaleinvariance,
will be kept. Sucha setof propertiesis satisfiedby the Linear
Scale-Spacdt will thenbetakenasthebasisof thiswork, since
no depenlenceon the input datais desiredanda maximum of
flexibility is preferable.

B. Linear Scale-pace

Assumptios madeby Lindebeg [19] arebasedntheideaof
usingsuccessie convolutionsto geneatethescale-spac&oen-
deringfirst reailzed[8] abou which shouldbe the basisfor the
structureof imagesanalysis.Underseverd constrants, he de-
finedthediffusionequationgiven by (1), asthe gereratorof its
scale-space.

oI (%,t)
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where! standsfor the luminarce of the imagewhich depemls
onZ, position(# = (z,y)), andt, scale.

From(1) andfrom the corstraintof usingcorvolutionto gen-
eratethesubseqgantscalelevelsonefindsthattheuniquekernel
thatsatisfiedothis the Gaussian.

The Gaussiaris the Greenfunction of the diffusionequatiam
andfor aninfinite domainit is givenby:

= AI(&,1),

160 = [ G@-2.1)-1 0, )
D
whereG standgor the Gaussiarfunction:
. 1 _ 224y2
G(.’L‘,t) = —6( * )li":(z,y)' (3)

Noticethelinearrelationbetweerthe scaleparanetert andthe
variarce of the Gaussiarkernelo? = 2t.



From this simpleformulation, it follows thatthe problem of
a basisgererationfor an uncommitted front-endturnsinto the
simple successie blurnng of the imageto analyse.A linear
scale-spaceepresentatiorwill bethendefinedby: The succes-
sionof aninfinitely dersesetof imagesderivedfromtheoriginal
onethrowgh convolution by a Gaussiarkernelwherethe contin-
uousscaleparanetert variatemondonicallyascenihg. In other
words:A contiruousthree-dmensionalblurning representation
of a continibusimagewherethe third dimensionis definedby
thescaleparaméer, whichis mondonic andascenihg.

The fact thatin this casescale-spacés beinggeneratd by
blurring, confersto this represetation someinterestingproper
tieswhichare:

« Causality:coarserscalescan only be causedby what hap-
penedatfinerscales.

o Maximum principle: at ary scalechang, the maximal lumi-
nanceat coarsesscaleis alwayslower thenthe maximum inten-
sity atthefiner scale theminimumis alwayslarger.

« No new extrema at larger scales:this holds only for one-
dimensioml signals[19].

« Physicsof luminarce diffusion: the decayof the luminarce
with scaleis equalto the divergenceof aflow.

Oncethe Gaussiarkernelis establishedisthe unigue scale-
spaceoperdor to chang scale thereis animportantadditioral
result. Oneof the mostusefulresultsin linear scale-spacthe-
ory is that the spatial derivatives of the Gaussiarare as well
solutionsof thediffusionequdion, andtogethemwith the zeroth
orderGaussiarthey form a comgete family of differentialop-
eratorq9]. It canbeseerthat:

0 oG

— I xG)=1x—
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whichis trivial according to thelinearity of the differential op-
eratorandthe convolution. (In 1I-B * standsfor corvolution).

From this, it was seenthat derivatives are given at certain
scale Multiscaledifferentialanalysiscanthusbe perfamed.

(4)

B.1 DiscreteApproximation StackGeneratio

The main prodem with Scale-Spacepplicatiors is thatthe
theoryholdsonthecontiruousdoman. In orderto beableto use
suchanalysisapprach,a discreteapprximation of the prind-
pleis mandatoy.

Lindebeg [9] postulateghat the Linear Scale-Spacshould
begeneatedby convolutionwith aone-mrametefamily of ker-
nels,i.e. L(#,0) = I(Z) andfor t > 0.

L@Et =Y G@nIEF-1).

FeZN

()

wherefunctionsaredefinedto by discretespatiallyandcontin-
uousin thescaledimensia.
He definesthe Scale-Spacé&amily of KernelsG : ZN x
R, — R assatisfying:
e G(-,0) =4(-),
« thesemi-gouppropertyG(-, s) * G(-,t) = G(-, s + t),
« thesymmetnypropertiesand
« thecontinuityrequiremen ||G(-,t) — é(-)||s — 0 whent | 0.

anda Scale-Spaceespiesentation:

Definition1: Let I : ZN — R be a discretesignalandlet
G : ZN xR, — R beascale-spactamily of kernels.Then,the
one-@rametefamily of signalsL : ZN x R — R givenby Eq.
5 is saidto bethe scale-spaceepresentationof I gereratedby
G.

If wewantto apprximatethediscreteScale-Spackerrel, by
adiscreteGaussiarkerrel, we facetwo mainproblems.
1. The Gaussianis defined over an infinite domain which
meansthat for a practicd implemertation a truncatel versin
will benecessary
2. DiscreteGaussiarapproximatiors differ muchfrom thecon-
tinuows Gaussiarfunctionatlower scales.

(a) Discrete Gaussiarkerrel

to generée the 1 octave dis-
tanceimage

(b) Discree Gaussiarkernd

to generge the 7.25 octave
distane image.

Fig. 2. Theproblem of the approximaion of the continuumwith discree.

Fromeq.6 we find the expressionof thediscreteGaussian,

1 'n.2 'm2
g(n,m, o) = —e~ 25 ), (6)
2wo?

wheren, m € Z.Thesameeasoninganbedorein the Fourier
doman, whereit follows from applying the DFT to eq.6:

Gk, 1,0) = e~(%)"+(37)2n%0®) @)
whereN andM specifieghe Fouriertransfom dimersionsand
k,l € Z representthe discretefrequenciesin the Fourier do-
main.

As said befor, the kernel needsto be truncaded sincethe
Gaussiarfunction hasan infinite suppat. Defining the Gaus-
sianmatrix asa NxN matrix,thenN = 2K¢ (or equivalently
truncding theGaussiaratradiusr = K o), whereK defineshe
accuray factorusedin theappraimation. K = 3 is considerd
asbeinganacceptablapproimation.

The choice of domainto geneate the stackis a matter of
differentprefeencesln whatrefersto spatialconvolution, pix-
els affectedby bourdary effectscanbe contrdled exactly. Ap-
proximation error will be bigge at fine scales.Convolution is
computationallyvely expensive, althoud in this case sincethe
Gaussiarkerrel is separablsomefastcomputing canbeimple-
mented In the Fourierdomain, the geneationis lessexpensve.
The bourdary prodem getssomeha arramgedby the implicit
periodzation, althoudh literature[10], [13] qudifies suchap-
proad asincluding undesirableartifactsatlarge scalespecause



it modifiesthe origind structue of theimage.The main prob-
lem in the Fourierdomain is thatthe Gaussiarkerné is worse
apprximatedatbiggerscalesA way to solvethatis to increase
theresoldion of the Fourier transfom. Perfaming the Fourier
transfom usingmuchmore sampleshantheimagesizeshoved
toimprove significantlythequality of thesegmentatio. Further
more,it seemedo perfom similarly whenusingdifferentkinds
of paddng around the original image(seesectionll-B.2) if the
Fourier transformwas big enowh. In our test, stackis being
generged in the Fourier domain with a transfom of size sig-
nificantly bigger(abaut 3 or 4 times)thanthe original imagein
orderto have enowgh resolutionfor the Gaussiarkernd.

Besideghe approxmation of the kerrel in whatconernsto
spacedimensios, the scaleparamete hasto be taken as well
into accout. In a practicalapgicationit hasto be sampledoo.
Samplingthe scaledimersionwill determing(accordng to the
resolution) the possibility of following the structue. So, sam-
pling very coarselythe scaleparaméer will leadto wrong and
undesird effeds in sggmenation.

To obtaina uniform samplingin the scaledirectian, andre-
lateit linearly with a paraneterd ., the std. deviation o, of the
Gaussiamusthave theform:

To+n-87) (8)
wheres is aparaneterwhichspecifiegheinitial scalefor n = 0,
7o is just a possibleoffsetof thefirst level in Scale-Spaceand
&, specifieghe scalesampling

In this work, samplingof the scaleparaneterhasbeentaken
upto 4 layersperoctare §, = h‘T2 in orde to reacha compo-
misebetweerresouresneedsandaccuray.

DiscreteGaussiarkernelswith discretescaleparaneterlack
the property of generatig onelevel of the scale-spac&om the
level below with aniterative. The propertyof semi-gouwp is fail-
ing. Thatis oneof thereasos thatimpulsedLindebeg to work
directly on a kernelapgoximating the discreteversionof the
diffusionequatim [19]. Whenthe stackis beinggeneatedwith
the Gaussiarkernel,all thelevelswill have to bethe product of
convolving by akernelof theapprgriatescalewith theoriginal
image.

on = cel

B.2 Finite Image Limitations: BorderExtensiors

One of the mostimportan problemson scale-spacgenera-
tion is the fact that theoly wasconceved in an infinite space.
This prablem, is especiallynoticedwhenreacling the calcula-
tion of large scalelevels. ThereGaussiarkernelsbecone really
big comparedto the imageandborder effects standfor anim-
portart handcap.Themostrelevart solutionsto theproblem are
quite logical andsomeof themquite usedin otherdomains of
imageprocessingThoseare:

o Zemw Padding [10] which hasbeenshavn to be not very suit-

able when looking for iso-intensitypaths,sinceit affects the
structureconceningto low passcompments.It maysene,arny-

way, whenjusttheretrieval of extremais desired.

+ Meanlmage Value Paddng hasits explarationonthefactthat
scale-spacgeneationis affectedby theborderswhenthekerrel

is very big. If it is consideedthatat big scalegheimagetends
to its meanthenit shouldbefair paddirg aroindtheimagewith

(a)Level O (b) Level 1 (c) Level 2
(d) Level 3 (e) Level 4 (f) Level 5
(g) Level 6 (h) Level 7 (i) Level 8

Fig. 3. ScaleSpacerepresentaion by Gaussiarblurring of image (a) with 1
sampleperoctae in scale.

themean Whentheinfluerce of externpixelsto theimagewill
berelevart, theimagewill alreadybecorverging to theaverag,
andsoit will notbevery affected

« Periodization would keepalsothe meanlevel at large scales
but will introduce additioral structurewith a hugeslopearourd
theimage.

« Mirroring solvesthe prodem of the slopearownd theimage,
but still adds structureto thescalespace.

« Extrapolation canbe seenasa solutionin the casewhereno
slopeis desired althoughdepenthg onthe extraplationorder
in generalt will affecttheimagemeanvalue.

Thelastfour pointsarefurther explainedandcompaedin [13].

In our case the MeanImage Value Paddirg was usedsince
it doesnotaffectthe structue in termsof DC compamentandit
doesnotaddnew structuresarownd theimage.

Summaizing, the choice of borderextersionshasto bedore
correc¢ly accordng to the way the scale-spacés going to be
extracted In our case sincetheiso-intensitypathsaregoingto
befollowed we shouldnot affectthe DC compament.

I1l. SCALE-SPACE SEGMENTATION

Thebasisof scale-spaceggmenationis the extradion of the
hierardical structureof the image.In figure 4 the descriptim
correspndirg to the geneal algaithmcanbe seen.First, the
Scale-Spaceepresention is generatedRight after, the struc-
tureanalysisis realizedbuilding up thetree-like hierardy (fig-
ure 5). From this, a setof sggmeris is obtaired. Thosecorre-
spondto all the pixels hangng down the selectedroots from
the hierachy. In the endjust a morghologcal filtering on the
encounteredregions masksis perfamedto erasédittle spotsor



regions correspndirg to mistalesoccurrel duiing the phaseof
structureanalysis.In this work, the multi-resolutionsggmenta-
tion algorittm by Vincken[13] is takenasa startingpoint.

Original Image Segments Image

Image Structure
Analysis >
Tree-link Generatior)

Morphological
Filter

—
Clean Small Region:

Fig. 4. Segmenation Scheme.

Scale-Space,

Generation

Segmentation =

A. SpaceGeneation

Scale-spacgererationis explainedin detailin sectionll-B.1.
We shaw the constraits andlimitationsdueto discreteappiox-
imations.

B. Linking upthroughspace

Thealgorithmfor the constructio of the structure on a sim-
ple apprach[13], is basedon the tracking of the iso-intersity
pathsthrowgh scale.Otheralgorithns whereproposedrelying
onextrema[12], [11], [20], [10], [21], but we consideredo be
moreconsistenandgeneic to searctfor theiso-intensitypaths.
Thisis becausémagepixelscannotbefully descriledby max-
imaandminima.

The algorithm setsup the structue establishingelationsbe-
tweenpixelsof corsecutve levels.On thefinestscale(the orig-
inal image)all the pixels arerelatedto the pixel from the first
blurred imageonthescalediredion. At this level, notall pixels
will receive alink from a pixel from thelevel below. Thisis be-
causedueto blurring, the imagecontairs lessinformation,and
soapixd from theupperevel (bigger scale)will berelatedto a
biggernunberthanonepixel from thelevel belaw (finerscale).
Pixelsfrom thefiner scalelevel will representhedetailslost by
blurring in theuppe level. Thislinking upis perfamedbetween
all thescalelevels.Figure5 shavs asimpleschemaof theidea.
Levelsarelinkedin atreelike structue. Theselinks corverge
through scaleaccordng to theredtction of informationimposed
by thelow-pasdfiltering.

Scale

-

Original

Fig.5. Hierarchicd analysisof theimagestrucurelinki ng pixelsthroughlevels.

Thebasicprodem thatarisesis the searchof the parentpix-
elsatalarger scale Minckenpropasesaslinkage criteriathegray
level differencebetweertwo differentpixes of differert neigh-
bor levels. Thosepixds having the smallestdifferencefrom a
limited spatialneigtbortoodwill belinked.Thatmeanghattak-
ing avalid pixel from adetermiredlevel (apixel whohasatleast
onelink fromthelevel below), asearctonacircularareaaround

thatpointwill beperfamed.This searchareais propational to
theinnerscale(seefigure6).

In addition to the basecriteriaof graylevel difference,some
otherswhereaddel in orderto helptheconvergence[13]. Those
rely on different featureslike for exampe volume of pixels
handng from the selectedparentpixel. This would influerce
in the way that a pixel having mary childrenis vely likely to
have more. Anothe featurewould be the averagegray level of
the handng pixels. Sucha chara&teristicis quite advartageous
whensegmentirg regions with auniform graylevel, lik e for ex-
amplemedicdimagesFactorsarerepresetedby:

I, -1
r=a-

SG,

€6 = SGman’

©)
where(; is the driving featue that relies on the intensity of
pixelsparer (I,) andchildren(l.). Cg representtheaccessory
featurethatfavorize big segments,SG, represets the numter
of pixels associatetb a parant pixe, andSG 4, themaximun
valueassociatetb a parentpixd.

|Mp - MC|

AImaw Y (10)

CM =1-—
whereCyy is the featue associatedo the meangray value of
segmens.

Search Area Hnn+l)

Fig. 6. Seart areafor aparentpixel.
In figure6, 7y, ny1 =k - 0p,n41 and

19

2 2 2
Un,n—i—l =0pt1 — Ops

wheren indicateshescalelevel.

In figure7,thecornvergenceratecanbeseen(in fact,thenum
ber of nodes in every level) through scale.lt shavs how iso-
intensity pathscornverge to few poirts at larger scalesThe use
of the additinal featues praposedby Vincken will accelerate
thecorvergencerate,altholwghin somecaseghey cancontribute
to breakthe structue of the scale-spacbasedon isotropicdif-
fusionsincethey donotreally take into accounthe scale-space
theory

To improve thelinking phaseof the algoithm, the mostim-
portart anddecisve stagein termsof final perormane, anap-
proad basedon a maximun likelihoad linking pathretrieval
wasproposedby Vinckenin [13], [22]. Insteadof selectingthe
paren for a given pixel in eachlinking level, all the possible
pathsare kept. The mostprobable pathwill be selectedn the
segmerts recastructionstagewherefrom thewhole setof pos-
sible ones.Although it improvesthe quality of final segments,
theincreasef necessarynemoryresourceturnsinto areallim-
itation.
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(a) Numberof nodes

Fig. 7. Numberof nodes(parent pixels) in every level for the analysis of the
imagestructue relying only on the gray level throughscak andtheimage
usedto geneatethe values.

In this method only two valuesare usedto estimatethe
iso-intensitypathsandlocal links. Thus, the linking procedire
lacksfrom robustnessmainly at fine scalesvherenoisecanbe
presentlt getseasilylostin the searclof the strongst link be-
tweento pixelsfrom two levelsandit is quitecomnonthatlittle
segmentel regions (mairly in the singleparentinking method)
emepe to the top of the scale-spacstack. Those little miss-
segmentel regions areregions of pixels suchthat their hierar
chicaltreehasnotfound theright pathtill thelargestscalelevel.
Therecan appearvery clearly errors in the linking procedire
on the borde of big segmeris. The assumptiorthatthoselittle
segmentsareincorrectly linkedis evidentif the selectedscale
levelis big. Accordng to theinnerscaleof alevel, regions sizes
shouldbe (althoudn very rouchly) around the generatig kerrel
size.

Thefull criteriafor linking is:

N
Zwi Cz

A=D- =
> wi
i=1

wherew; are possibleconfiguableweigtts andD is a weight
depewing on distancegeqationlll- B). In herew ; will befixed
andfurther exploitation of featuesrelayirg in scale-spacwill
bestudied We have used:

1
D=4 Dy

with C; € Jo, 1], 12)

if d., < 0.50,

if e > 0.50, (13)

D(0.505)
where

Dy = ol 57m). (14)

In sectionV in additionto thelow passnformationstructureob-
tainedfrom Gaussiarblurring, bandpassinformation structue

is alsotakeninto accounfor the hierarclical analysis Anyway,

someothertechniqe of parent searctshouldbestudiedlt is not
enoudp to take into account whichis the mostsimilar pixel in a
given region on the upper scalelevel. A more preciseestima-
tion of thedirectian of variatian or gradent of scale-spaceould
be quite usefu whenextracting the structure The principle pro-
posedy Vincken(calledin hiswork singleparen linking) could

be consideed asa particularcasewhereonly a two tapfilter is
usedto look for theminimumgraylevel variation

C. RecosstructingSeyments

Oncetheimagestructurehasbeenestimatedthe obtentionof
segmerts is evident. To carry out the sgmentationit is neces-
saryto selectthe scaleof analysis.Fromthis, all the nodesat
that scalelevel will definea segmenteach.The seggmeris will
be all the pixels conrectedthrough the hierarclical treeto the
uppe selectedhoce.

Selected

o

Fig. 8. Scannng of theimagestrucureto obtan the sgments

Downward
Projection

Selectionof the uppernodes that definethe final number of
segmerts, can be donein differentways. The mostsimple is
the selectionof scalelevel, andfrom theretake all the segments
emepging from the hierarclical tree.Otherpossibleappoaches
appeaedin theliterature. Thosetry mainlyto look for thenodes
thatshouldberod insteadof beingfurtherlinkedup.In orderto
do that, segmenation algoiithms apply different seedingrules
basedon several different featuresof the scalestack.In [13],
[22], [23], [24] somethresholihg is applied on the distance
measurerant betweenpixels for the linking procedure.When
the closestpixel to link is above somesimilarity distanceijt is
notlinkedandit will defineanew segment. Thiscanbedore se-
lectingthethreshdd heuristicalyor on the basisof somestatis-
tics. Theideaof seedinguleretrieval onthebasisof a statistical
modé canbefoundin the segmentatio algorithmbasedn the
pyramid of Ziliani [7].

Since scale-spacanalysisis intenced to be usedas visual
front-end, the use of simple classificationof featuresto select
rootsonhierachicaltreesturnsinto alackin segmerationqual-
ity. It shouldbe moreapprariate the usea feedbak from the
highlevel analysisstagein acomgetevisualsystem.

Theonly roa noce classificationin this work will bethe se-
lection of scalelevel. All the nodesin a certainlevel will be
consideed as root nodes.It is out of the scopeof this paper
to attemptto perfam an abstractunderstandingof the image,
but investigatehepossibilitiesof scale-spaceepesentatiorfor
naturd imagesanalysis.

D. Cleaningupregions

The prodem of little regions miss-sgmente dueto linking
errois introdwesquite a high numter of little segmerts of few
pixels. It is clearthatthey do not belorg to the selectedscale
level. A way to remove themis to deleteregions smallerthan
certainareaproportional to scaleandre-assigrthosepixelsto
the big neighlor segmeris on the basisof somecriteria, like
averag gray level, or big existing regions canbe grown using
geocksywith somemorghologicd operates.



V. EDGES THROUGH SCALE

Edge detectionthroudh scale can rely on the application
of Gaussianderiatives. Accordng to sectionll-B, Gaussian
derivativesarealsoasolutionof thediffusion equatia (1). Thus
all the statementghat hold for the scale-spacgeneratecby
Gaussiarblurring will alsohold for the scale-spacgenerated
by oneof the Gaussiarderivatives.We will find, thus,the hier-
archicalstructue of imageedgesn this space.

In this work, two differentappoacheshave beenstudied
thosearethe useof thefirst derivative (spatialgradiert) andthe
secondlerivative (the Laplacian of the Gaussian).

TheFirst Gaussiarderivative correspnds,in practicalterms,
to the spatialgradien of the scale-spactevels extradedin sec.
[I-B.1. All the existentridgesin the gradent modue (15) at all
levels areextraded. Those definewherearethe local maximas
of image variations,and consegently the location of edges.
Thereis no selectionof the mostimportant edges sincethose
will persistthrough scale.For the ridges extradion, a morgho-
logical proeedureusing a directioral dilation with recorstruc-
tion is used[1]. Anyway, ary otherappr@achcouldbetakento
extractridges|[9], [18].

Themodue of thefirst derivative is represeted by:

a0l =(ZE0) " (2E0Y g

wheret representthescale.

(a)Level 1

(b) Level 4 (c) Level 7

Fig. 9. Edgerepresatation throughscak usingthe gradient module 1 sample
per 3 octaves (first sampleon thefirst octase)

TheSecondsaussiarderivative is the Laplacianof the Gaus-
sian.An equivalent scale-spacef the secondderivative is com-
putedonits basis.lt is given explicitly by:

VG (z,y) = - [1 (16)
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Insteadof usingdirectly the secondderivative, we apprximate
it. We usedtheDiffererce of Gaussian$DOG), whichhasbeen
recentlyproved to be the responsef the receptve field in the

catsretina[25]. To detectedgedn scale thedifferencebetween
two consecutie levelsof thescale-spacis compued(figure 12)

andthen,a zerocrossingdetectionis perfamed.

z—p2
301

DOG (z) = A,el =57 7) — 4,e(-527) @)

whereog; > os.

For exanple with two Gaussiansi and B of scale6 and5 oc-
tavesrespectiely, the DOG will betheeguvalentto thesecond
derwative of a Gaussiarof scale5.5 octaves.

— DOG
\: / — 2nd Gaussian
\ Derivative

Fig. 10. Comparisonbetwee the Laplacian of a Gaussiarandthe DOG ap-
proximaion

(a)Level 1

(b) Level 4 (c) Level 7

Fig. 11. Edgerepresentaton throuch scaleusingDOG. 1 sampleper 3 octaves
(first sampleon thefirst octave)

In the imagesfrom Fig. 11 and 9, we canseehow edgesof
themostimportart structurearekeptthrouch scale.

Theuseof edgegepresetationthrough scaleon the basisof
the secondderivative of a Gaussianin fact,is nothingelsethan
awaveletrepresentatioof theimage.In this particularcasethe
the use of a secondderivative of a Gaussiaris known asthe
MexicanHat wavelet[26]. Thisis anotheanalogywith theHVS
[5]. Thereareevidercesof certainsimilarity betweersomeparts
of HVS analysisandwaveletanalysis Waveletrepresentatiorof
imagesallows to work andto representin a structuredashion
bandpassinformationof signalsin genera

A possible use of the inheren structue representedby
waveletscouldleadto anestimationof imagestructue through
theminsteadof usingthelow passinformation.In ary manrer,
here,edges through scalewill be usedas an accessoryto the
Gaussiarblurred datain orderto getrid of incorred linking.

Blurred Scale-Space DoG Scale—Spaé:e5

15

8 0.5
2 Equivalen
1 Level

o

Level

Fig. 12. Generdion of the appro¥mation of the Lapladan of a Gaussiarfrom
theblurredscalespace

V. SUPERVISING SEGMENTATION WITH EDGES

Two sourcef imagestructurehave beenexposed.Oneex-
tractsinformationfrom the low-passapproimation of the im-
agein amulti-resoldion way. The otherextracts structurefrom
imagethrough the multi-resolutionrepiesentatiorprovided by



wavelets.Onepossibilitywould beto useeitheroneor the other
to extract the structue. Anotherwould be the cooperationbe-
tweenbothprinciplesin orderto profit from bothto build amore
precisestructureto descrite the sceneunderanalysis.

In this work the useof bothscale-spacet® geneatethehier-
archicaltreehasbeenstudied As abasiswe took thealgorithm
describedn sectionlll-B. Theuseof thesecondscale-spaces
introducedin theprocedureof linking throughscale. Themulti-
scaleedge repesentatiorextractedfrom the secondderivative
of the Gaussiar{seesectionlV) is usedto superisethelinking
procedire.

During the linking up procedure,a searchto find parents is
perfamed.All the pixelsthatwherealreadylinkedfrom alevel
belov will belinked up to a paren pixel. This linking proce-
dure[13], [22], [23], [24] from level to level doesnot take into
accoun orientation of structurein itself. It looks for the near
estgray level pixel in a circular area.This is perfamedinde-
pendatly of the shapeof the region whereboth pixels (child
andparen) belorg. This uncorrolled link searchturns into the
possibilitythatpixels canbelinked outsidetheregion they rep-
resent.Although locally it is true that the most similar pixels
in the uppe level are very likely to be the best parentsfor
the child pixel, whensearchwindows arelarge, childrenpixels
canfind sometimedbetterfits for their graylevel somedistance
awayfromthesuppaedidealpixd. In thissituationwhenpaths
evolve through scale this smallmistale turnsinto a divergerce
of awholebranch

Figure 13 shows the algoithm propcsedto reducethe diver
genceof pathsduiing linking. When looking for the relation

Part of the search

window is out of the region Link not allowed

\

_>

Fig. 13. Wronglinkage problem.

betweentwo pixels, we testif they belongto the sameregion
or blob atthatscale.This mears thatwhenlooking for linkage

all thoselinks thatcrossanedgeof the secondderivative repre-
sentatiomat the samescalelevel will not betakeninto accoun.

It follows thatthe areaof searchfor a parentpixel is modified

Only thatareathatis includedinto the blob of the child pixel is

takeninto account in the searchwindow.

In figure VI we shav the corvergence of pixds through the
scalewhenusingthe edgesupenision. If compmredwith figure
7 wherethereis nouseof edgesn thelinking procedurewe can
seeno differencein the speedof corvergence.That meansthe
applicationof edgesdoesnot affect the structurenegaively. It
doesnot contritute to split segmentedegions morebut to redi-
rectlinks into the apprgriateblobs, avoiding inter-blob linking
of pixels,asit should.

VI. SEGMENTATION EXPERIMENTS

In this sectiona setof resultsandseveralsggmenationexper
imentsarepresentedAll arerealizedonnaturalimagesets.Ac-

aaaaa
;;;;;

2 10000

Scale Lovels

Fig. 14. Numberof nodes(parer pixels) in every level for the analysis of the
imagestrudurerelyingonthegraylevel through scaleandthe edgesrepre
sentaion through scale

cording to theresultsobtaired, theinfluerce of differert aspects
of thesegmentatio algorithmwill bediscussedh thefollowing
sections.

A. Parameterinfluence

Segmerationareperformedrelying mainly onthe graylevel
differencebetweerthe child pixel andthe suppsedparen pix-
els. As it appearsn sectionlll-B andin [1], [13], someaddi-
tional featuresare usedin order to increasestability andforce
little lost segmernis to join big segmens. Anyway, anexcesson
thoseadditioral compnentswill bre& thetrackirg of thereal
scale-spacsincesuchfeatures do not rely on a scale-spacbka-
sis.

‘-: =,

(a) Level of sggmen-
tation: o, = 50
pixels

(b) Meanindul ob-
ject from the seg-
mentatonin (a).

Fig. 15. Sgmentdion of Rosas handrelaying only onthegraylevel componeh
throughthe scaleandfiltered morphologcaly.

Figure 15 shaws the result of applying the algorithm from
[13] with singleparent linking trying to follow theiso-intensity
pathswith no additicnal featue. It is easyto seea greatamount
of little segmens dueto wrong linking. Although thetarget ob-
jectis segmernted, partof thebackgoundgetsmemgedto this.

In figure 16 somecompamentsof thetwo secondry features
describedin [13] are slightly introduced. With respectto the
gray level differencea smallerweight is usedfor thoseaddi-
tional compmnents.The figure shavs how segmeris are more
consistenandthetarget objectis reachd.

In figure 17 a much stronger weightis usedfor the featue
thattakesinto accounthe graylevel meanof the sgments Al-
thoudh a finer segmenation is achieved in this case,it affects
the structureandthe tracking up of the scale-spaceefinedby
the diffusion equation. Sucha caseof linking proedurecoud
be considerd as a modificationof the original scale-spac@n
orderto take profit from somespecialcharacteristicef a par
ticular application. Thosespecialfeatuescoud be the uniform



(a) Segmenttion of
the image Rosas
hand. Level of
segmentaion:

on = 50 pixels

(b) Meanirgful ob-

ject from the seg-
mentaton in (a).

Fig. 16. Segmenttionof Rosas handusingthethreecomponets with weights
We, = 1.0,We,,, = 0.4, We,, = 0.4 andfilteredwith themorphologeal
filter.

graylevel in the regions of interestsquite a comman situation
in medcal imageanalysis.

Fig. 17. Segmenationof theimageRosas hand usingtwo of the three compo-
nens:C; andCp,, with 1.0and1000asweightvaluesrespedively.

Theuseof theparaméerrelyingonthesizecanbecorsidered
asahelp (with smallweights)to avoid lostandsmallsegmeris.
Anyway; althoudh the nunber of small segmerts will reduce
they will not necessarilycorrectly memge. The otheradditioral
featurethe onethatrelieson the meangray level, canbe con-
sideredasavariationof the scale-spacbasis(towardsa kind of
nondinearone)in orderto take profit of a specialfeatures of the
imageuniformity.

On onehandadditioral paranetersshouldnot be usedin an
early stageof the sggmentatim if notintroducedby a posterior
sketch on the basisof somepreliminar analysis. On the other
hand,a betterextraction of thelink structue would helpmuch
more,i.e. the useof edgesthrough scale-spacésectionVI-B)
or to tracktheiso-intersity pathstakinginto account the direc-
tion of minimum variationof thegraylevel pathsthrowgh scale,
insteadof taking just a circularwindow to look for the parer
pixel.

B. Edge Sugervisioninfluerce

Edgedetections intendedto avoid incorrectlinking between
different regions separatedy an edge.In Fig. 18 we seethe
effect of theuseof edge. Both sgmenationsarecompued us-
ing the sameparametes, andaresegmened on the basisof the
samescalelevel. The only differerceis in the useof edgesto
supenisethecorrectlinking.

An improvementis clearlyseenln theimages the mostrele-
vantdetailsaresignaledwherethe useof edgesaremote influ-
ent. In figure (b) we seehow partof the headis memgedto the
body andnext to the picture on the wall, thereis a little box,
which doesnot appearon the sggmentatian without edges.n

(a) ImageSeqi.

o] 3 ®r"r
T
g j |
L» Sl mod b \'A
(b) None using (c) Usingedges.
edgss.

Fig. 18. Comparsonof the effect of edgedetection on the segmentaion. Seg-
mentaton of theimageSegi. Level of sggmenttion: g, = 25 pixels.

(c), sincewe usethe edgesat eachscale,we keepfrom linking
through them,andwe success$n avoiding theincorrect linking
of the head,improving the definition of the cortours. We can
obsenre thatheretheregion that defines the box on the wall is
kept,andnotwrongdy meiged.

C. TheContrastProblem

In this segmentatio technique, we have beenworking with
theinformationavailableon theintensityimageonly. Themain
andunique featureis the graylevel, with the additioral featue
of theedgedetectim. Theprodemthatariseshereis thatneigh
bor regions, canhave the sameor similar intensity This brings
theproblemof two neighborobjectshadlycontrasteccanmenmge.
It is clearthat soorer or later regions memge in the structue,
but badcontrastetweerregions make themmeirge befae they
should

(b)

(@)

Fig. 19. Sementdion (a) of the imageOscar(b) with edgesupervison using
the Laplacian versionand filtered with the morpholaical filter. Level of
sggmentdion o, = 35

This is the exampe that canbe seenin Fig. 19. We canob-
sene how thealgoithm succesin segmentirg thebody andthe
headof the subjectBut, a partof thewall megeswith thebody
dueto the relative low contrast.This is becausavhenbuilding



the structure the mostsuitablelink conrectsboth regions and
the edgeestimationcando nothirg sinceit is alsoaffectedby
thelow contiastandthe edgeat the correspndingscaleis also
notfound.In orde to beableto splitthemandperforma correct
analysis the intervention of somehigherlevel of imageunder
standingmight be neededIn fact, it cold actasa feedback
in orde to chang the unmmmittedfront end diffusion basis
to someappr@riateanisotrojic diffusion.In fact,humanvision
hasthe sameprodem.

D. ScaleSelection

Imagestructue givesa hierachical descriptionof the scene
through scale As it is explainedin sectionlll, in orderto obtain
the sggmeris a scalelevel is selectedThis selectioncontibutes
to setthe rootsof the hierarclical treesthat will representhe
whole sggmeris. In the undelying ideaof the preseh segmen-
tation principle, this selectionof rootswould be carriedby the
high abstractionlevel layer that would interpret the structures
obtainedrom thetheanalysisusingthe scale-space.

As it is seenin figure 20 the scaleparaneterplaysa funda-
mentalrol. It is evident that from image structurecan be ex-
tractedmuchusefulinformationto geneate sgments.n add-
tion, thescaleselectiorhelpsonthedefinitionof thedesiredsize
of sggmerts.

At
ot .

(a) Level of sggmen-
taton: o, = 30
pixels.

(b) Level of sey-
mentdion: ¢, =
25 pixels.

(c) Mearingful ob-
ject from (a).

(d) Meaningful ob-
ject from (b)

Fig. 20. Obtenton of meanngful objectsusingthe Scak-Spacesggmentaion.

Whenselectingthe scaleparameteto settheroa segmerts,
an implicit selectionof the approaimatedsize of sggments is
perfamed.Fromfigure 20 we seethatfor different settingsof
theroot level differert sggmentsareobtainedIn (a),() a scale
of o, = 30 pixels is selected.The sggments obtainedcorre-
spondo big meanimgful objectsaccordhg to their structue. We
canseein (a) sgments clearly defined A segmern represents
clearlythesubjectandherrepresentghepicture onthewall,etc.
Thewall doesnotlooks like asinglesegmert sincescaleis still
notenoud high. In (b),(d), we seehow thevariatian of thescale

paraneterprovidesa chang on the sgment selection.There-
ductionon the imposedscaleprodiucesthe splitting of several
meanimyful sggmentsinto smallersggmentscorrespadingto a
more detailedpartition of the image One of the mostrelevant
effectsis how the headof the subjectandthe body aresplitted.
Here a meanimgful objectis splittedto obtain further smaller
divisions meanindul aswell. This reflectsclearly the apgied
concep of structue analysis. Selectingthe scalelevel resultsin
chosingthe sizeof themeanindul segmentel objects.

VIlI. CONCLUSIONS

In scale-spaceeggmenation, we have seenthatwe cannot
obtainall the possiblesggmentsin animageat the sametime.
We have to chosebetweerbigger or smallerdetails. Then ac-
cordirg to thechoice wewill obtainthesegmernts of objectsthat
areapprximatelybelorgingto thatscale Depenling ontheap-
plication,this canbe a prodem, or anadwantage.In the present
one,this canhelpin discriminateémplicitly smalldetails.In this
way, thetaskresened for thefollowing stepin the system(seg-
mentsanalysisfor imageunderstandig) will beeasier

Thetechniqie proposedvasshavn to bevery sensitve to the
quality of thegeneatedscale-spacéviuch caremustbetakenin
its geneation, avoiding asmuchaspossiblecoarseapproima-
tions. Oneof the mostimpartantfactorsin the qudity of scale-
spacevasthefrequeng resolutionof theFourier transfam. The
otherlimitationsarethe spatialresolution (which limits alsothe
useof finerscalesamplingrates) thebourdaryprablems(which
aremore or lesssolved with theimagemirroring or theimage
meanpaddirg), and the scalesamplingrate. Furthernore, the
directionof variationof iso-intensitypathsshouldbetakeninto
accoun

The inclusionof edgedetectim is the bandpasspart of the
imageanalysisin this procedire. As the human eye, we want
to integratein the sameprocedurdow-passandbandpasspro-
cessingf theimage.Usingthelow-passasa basisto extract the
structureandthe bandpassascorrecting featue, improved the
perfamance.

The testshave shavn that the segmeniation techniqie has
someprablemswhentwo objectsor regions not very well con-
trastedareneightors. If the sgmentatio scaleis notvery well
chosenthentheseregions canmeige. Anotherproblem canbe
whentheoptimalscaleto begin thesegmenationis betweerntwo
scalesamplesandis notavailable.

Very compicatedscenesganhave segmenationproblems.If
they arevery comgicated,thenit meanghattherearemary de-
tails. Small detailsare more difficult to segmen becausehey
have lessscalelevelsto converge. In additian, it is possiblethat
someotherbandpassanalysisshouldbenecessarjor theircor
rectanalysisor somenondinearscale-spacanalysis.

Finally, it hasto be emphasizedhatthe presentechniqe is
intendel to be a low level imageanalysistool. Furtherhigher
level uncerstandig analysidayersaresuppaedto beincluded
in a compete compuer vision application The useof a scale-
spaceframevork opers a door to further adaptve analysis.
Thereis always the possibility of variatirg what kind of dif-
fusionis appliedin orde to adaptit to thescene.

Scale-Spaceanbe corsideredasa promising techniqe for
imageanalysisandsegmentation.
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