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Abstract— A new method of image segmentation basedon building up
a hierarchical tr eethr ough non-linear scale-spaceis proposed.Non-linear
scalespacecreatesfr om the origi nal image the whole famil y of blurr ed im-
agesbut keepssharp region boundaries. This characteristic of preserving
edgestur nsout to beextremelyuseful in choosinga linking strategy thr ough
scale.
Segmentation is realized in two stages.First, the set of blurr ed imagesof
the scale-spacearesplit into a number of spatial regionscomposedof pixels
with similar intensity levels. Second,a parent-child linking betweenthe re-
gionsof successive layers is performed basedon tracking level setsthr ough
scale. Suchprocesswill generate a scale-spacehierarchical tr eethat induces
a segmentation without a prior i knowledge.Experimental resultsbasedon
natural imageswith respect to the hierarchy and segmentation are given.

Keywords—Scale-Space,PDE , unsupervised segmentation, edgedetec-
tion, hierarchical tr ee.

I . INTRODUCTION

In the early stagesof visual informationprocessing, oneof
the most fundamentalandcomplex tasksis segmentation. Al-
though well posed,thesegmentationproblemstill doesnothave
general solution. Thereexistsa large number of imagesegmen-
tation techniques,however, mostof themarebasedon local or
global analysis.The key point in our approach is the idea of
combining bothof them.Thesegmentation techniqueaddressed
in thisproject is strongly relatedto themultiresolution paradigm
thatis themultiscalerepresentationof theimage.We attemptto
getaglobalview of animageby examining it at many different
scalelevels.

In the recent yearslinear scale-spacerepresentationsof im-
ageshave received a lot of attentionin the imageprocessing
community asit turnsout to bea suitableframework for tasks
like featureextraction, imagerestoration, noiseremoval, edge
detectionaswell assegmentation. The main advantageis that
this multiresolution techniquesgivesa deepandglobal knowl-
edgeof animagestructure.

The ideaof multi-scaleanalysisusing the propertiesof the
Gaussianscalespacewasintroducedby Koenderink [1]. From
this, many attemptshave beencarried out to build up multi-
scalelinking strategies,e.g by Vincken [2]. Lifshitz andPizer
[3] extended Koenderink’s scheme[1] in orderto build up the
socalledextremumstack,mainlyfocusingonheuristicsandthe
performanceof the algorithm. All thoseattemptsstronglyrely
on the main characteristics of linearscale-spacewhich arenot
promising for ourapproach.Our mainideais to tracklevel sets
through scale-space,hencea suitableframework for usis given

by edge-preservingschemes.But linearscale-spacehasthe in-
convenientproperty of blurring the ”semanticallymeaningful”
edgesat coarserscale.Onepossibility to overcomethis prob-
lem is to referto themoregeneralclassof geometry-drivendif-
fusion schemespreserving the region boundariesbeingsharp.
Thereforeourmainideais to usenon-linearscalespacein order
to segmentgrayscaleimagesinto regionsof interest(meaning-
ful objects).In particular, we exploit the Total Variation(TV)
model [4] asaspecialcaseof anisotropic diffusion.

A segmentation algorithm hasbeenproposedfor exploiting
the structure of non-linear scale-space.As we blur the image,
theregionsborderedby edgesbecomeuniform andthesmaller
regionsmergeinto largeronesat coarserscale.At a sufficiently
low level of resolution, the whole imagebecomesoneregion.
We attemptto constructa hierarchical treethat links all regions
within the sameobject into a single region at a certainscale
under aTV flow.

This paperis structuredasfollows. In sectionII a basicin-
troduction to Scale-Space is given.This leadsto themulti-scale
hierarchy presented in sectionIII. This sectioncontainsa de-
taileddescriptionof thehierarchical algorithm usedfor theseg-
mentationof theimage.At theendof this section,examplesof
severalresultsobtainedusingour new techniquearepresented.
We conclude thepaperin sectionIV.

I I . SCALE-SPACE

Linderberg [8] observed that objectsin the world appearin
differentwaysdepending on thescaleof observation. He gives
asasimpleexample theconcept of abranchof treewhichmakes
senseonly at a scalefrom a few centimetersto at mosta few
meters,while it is meaninglessto discussthetreeconceptat the
nanometeror kilometerlevel.Besidesthismulti-scaleproperties
of real-world objects,it is necessaryto copewith thecomplex-
ity of unknown scenesandnoise.Due to various degradation
sourceslike thenoisefrom theimageacquisition systemor the
” salt-and-paper”noisethat usuallyoccurs dueto communica-
tion channel transmissionerrors,theinformationwithin asingle
imageis not sufficient to obtaina reliablesegmentation. There-
fore, in general, segmentation methods that operate on multi-
ple images,eitherconnectedin spaceor time,will improve the
final segmentation.This brings us to the conclusion that for a
deepunderstandingof theimagestructure,multi-resolution im-
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agerepresentationis necessary.
Onepossiblerepresentationis to embedthe imagein a one-

parameter family of images. Startingfrom the data ������	� , one
createsa family of images�������

�
� , wheret measures the”scale”
or the ”time”, by setting �������
���������� ������	� . This methodde-
rives,from oneimage, aholestackof imagesasit shown in Fig.
1.

Fig. 1. Scale-Spacestack.

A one-parameterfamily of imagescanbe generatedon the
basisof many different principles.A possiblederivation is the
lineardiffusionequation:� �������

�
�� � ��� �������

�
��
 (1)

where � standsfor the luminance of the imagewhich depends
on the position �� andthe scale � . From (1) andfrom the con-
straintof usingthe convolution in orderto generatethe subse-
quentscalelevelsonefinds that theuniquekernelthatsatisfies
bothis theGaussianfunction:

� � ��
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�
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(2)

This ideaof generating coarserresolutionimagesby convolv-
ing theoriginal imagewith theGaussiankernel wasintroduced
by Witkin [9] andKoenderink [1] andtheresultingstructureis
known as linear, or Gaussianscale-space.Linear scale-space
representationhasbeenstudiedin deepespeciallyby Lindeberg
[10] andoneof themostusefulresultsis that this setof filters
enablesto compute thederivativesof adiscreteimage.

But thisscale-spacetechniqueblursimportantimagefeatures
suchasedges.In addition, it displacestheedgesi.e.,whenmov-
ing from finer to coarserscales,it dislocatesthe edges.Since
ourmainideais to exploit intraregionsmoothing throughscale-
space,we needan other technique that overcomes this major
drawback andencouragesintraregion smoothing in preference
to interregion smoothing. It turns out that thereexists a class
of partial differentialequation(PDE) basedmethods that lend
themselvesto fastnumerical implementations.All of theseare
nonlinearmodels anddiffer in the diffusioncoefficient and/or
thediffusionterm.A good description of thesediffusionmeth-
odscanbefoundin [11].

In thispaper weusedthetotalvariation (TV) blurring andde-
noisingmethodbasedon a variational problemwith constraints
usingthe total variation (TV) norm [4] asa nonlineardifferen-
tiablefunctional.Theformulationof this model wasintroduced
by RudinandOsher[4] andthemainadvantageis thattheir so-
lutions preserves edgesvery well. The detaileddescriptionof

themodelcanbefound in [12]. Herewe will just give explicit
numerical schemesfor the2D case:

4�5�� 4�676!4�89�: � 4�6 9 4�6!4 9<; 4 9=9 4�864 86 ; 4 89 
 (3)

with 4 � ��
���
>�,� being the original image.As t increases,we
approach to a blurredversionof our image,and the effect of
the evolution shouldbe edgedetectionand enhancementand
smoothing ascanbeseenin Fig. 2. TV flow wasour choice for
building upastackof blurredimagesbecausethismethodgives
a very simple,stableandexplicit procedurewith thechoiceof
parametersalmostuser-independent.Moreover, the implemen-
tationof this algorithm is quitesimpleandfast.
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(h) Level 1024

Fig. 2. Scale-Spacerepresentation at differentscalelevel.

Summarizing,thestructureof imageshasacloserelationwith
themulti-scalerepresentationwhichis aTV model in ourexam-
ple. Sucha representation is composedby the stackof succes-
sive blurredversions of the original dataset at coarserscales
while preserving edges.Thebigger thescale,the lessinforma-
tion referred to the local characteristics of the input datawill
appear, but the general information suchasedgeswill remain
throughscales.Takingthatinto account, it is reasonable to think
thatlocalandhighresolution scaleinformationcanberelatedto
general andlow resolution information.This will enableus to
obtainanimagesegmentationscheme.

I I I . SEGMENTATION ALGORITHM

As wealreadymentioned,TV flow equationsperform intrare-
gion smoothing while maintaining the edgedefinition. There-
fore as we blur the image,smaller regions inside the object
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merge into larger oneuntil it turnsinto a ”meaningful” object
at acertainlevel of resolution. We wantto link all thoseregions
thatbecomemoreandmoreuniform with respectto thescaledi-
rection.Thekey ideais in theconstitutionof a hierarchical tree
underaTV flow thatlinks all pixels within ”meaningful” object
into a singlepoint.

By partitionof a givenimageinto regionswith similar inten-
sity oneachscale,wecanlink eachregionwith the”closest”one
onthenext scale,andbuild upahierarchicaltreewith eachof its
nodesbeinga region. Regionsat two subsequent scalescanbe
linkedonly if they overlapat leastin onepixel andtheintensity
differenceis thesmallestoneamong all theoverlappingregions.
Therefore,weareableto defineanobject aspartitionsof theini-
tial imagethatareconnectedto thesameregionsat somefixed
scalelayer. In this way, thesegmentation is obtained by group-
ing regions of the initial scalelevel corresponding to the same
regionatsomefixedscale� .

Scale
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Fig. 3. Linking strategy through thescale-space.

Using thealgorithm previously proposed,for any given data
set, it is always possibleto construct a hierarchical tree and
inducea segmentation. Here is the construction procedure to
implement the proposedhierarchical algorithm. The iterative
schemeworksasfollows:

SEGMENTATIONALGORITHM
Initialization Y ���
1. Calculateanimage�7Z of scaleY usingequation3.
2. Split theimageof scaleY into regions [ Z]\ in sucha way that
eachregion consistsof neighboring pixels with intensitydiffer-
encesmallerthansomepredefinedthreshold̂ .
3. If Y<_ � perform linking betweenregionsof two subsequent
scalesY : � and Y . For every region at scaleY : � find thecor-
responding oneat scaleY with thesmallestintensitydifferences
with constrainsof overlapping at leastin onepixel.
4. Y � Y ; � .
5. If Y �`� stopotherwisegoto step1.

In this way, a hierarchical treeis constructedwith the scale
beingtheheight. Theheadof eachlist correspondsto regionon
the initial scaleand its tail annihilates at a certainscalelevel� . The imageis segmentedby grouping the initial regions con-
nectedto the sameregion at somefixed scale � . Segmentation
resultsarepresented in figures4 and5. We obtained thesefig-
uresby applying the segmentation algorithm at different scale
levels � . On the first imageof Fig. 4 we canseesomeobjects
dueto the noisebut aswe continue linking through the scale,
thosesmallobjectsmerge into abiggerone.Obviously, asfaras

wegothrough thescalewewill havethesegmentedimagewith
lessandlessdetails.OntheFig.5,wecanseethatif westopour
algorithm at scale �a�cb � � , the hair, the faceandthescarfare
still recognizedasanobjectsbut at �d�fe!g,h thehair is already
merged with the faceandrepresents oneobject.Eventually, if
we perform linking up to �i�kj,��e � , the hair, the faceandthe
scarfaremergedinto oneobjectthatrepresentsa person.

Sufficiently goodresultshave beenobtained but somework
needsto be done to automatizesomemodel parameters. Ob-
viously, theappropriatechoiceof thestopping scaleparameter� representsonedifficulty. It canbe chosenmanually or if the
number of objects is known we canstopat the point whenwe
reachthepredefinednumber of segments.Also onelack of this
approachis thechoiceof theintralevel threshold ^ usedfor con-
nectingneighboring pixels into a region within a single layer.
Sincethiswork is ataverypreliminarystage,̂ wassetupman-
ually but improvementscanbedonefor anautomaticselection
of theadaptive intralevel threshold.
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Fig. 4. Segmentation results obtainedapplying linking strategy up to different
level { of scale-space

IV. CONCLUSIONS

For theintegration of low-level, pixel basedlocal imagefea-
turesto obtaina global object-baseddescriptionwe proposea
fine-to-coarsescalespacetrackingtechnique.Fornaturalimages
we show that non-linearscale-spacetrackingcanbe implicitly
implementedby trackinglevel setsthroughscale-space.

Theaimof thispaperis to combinethelocalandglobalanal-
ysesof theimage.Theproposedapproachexploitestheproper-
tiesof non-linearscale-spacetakinginto account many different
resolutionlevels(global view) andgivesthemulti-scalelinking
strategy which connectsneighboring pixels (local view). Two
typesof links are introduced to explore the deepstructureof
non-linearscale-space:
Interlevel links connectingtwo successive layersof non-linear
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Fig. 5. Segmentation results obtained applying linki ng strategy up to different
level { of scale-space

scale-spacestack.
Intralevel links connectingneighboring pixels within a layer.

Therefore,usefulPDEbasededge-preservingmethodsprovide
a naturalframework for scale-spacetracking and induceseg-
mentationwithouta priori knowledge.

Experimental resultsobtainedby applying proposedalgo-
rithm aresufficiently goodwithoutany post-processingactivity.
Moreover, theproposedalgorithm hassomemajoradvantages:� Themodelis basedon PDEmethods that lendthemselvesto
fastandstablenumerical implementations.� Thetechniquegainsaglobal view of theimagebyconsidering
a multi-scalerepresentation of it.� Thesegmentation algorithm is simplein termsof implemen-
tationandcomputationallyinexpensive.� Sinceat eachiterationwe only work with two successive im-
agesof scale-spacelayers,storingthewholestackof imagesis
avoidedandjust asmallamount of memory is needed.

Sinceour researchis at a very preliminary phase,we con-
sider that the resultsarevery promisingandvery likely to be
improved.In addition, our future efforts will befocusedon the
automaticselectionof modelparameters andon a j,� imple-
mentationof our algorithm. Also, for the future work it would
beinterestingto applytheproposedsegmentation algorithm on
the other geometry-driven edge-preserving diffusionssuchas
Beltrami Operator[5], Min/Max flow [6] andAffine Invariant
GradientFlow [7].
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