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Abstract: In this researchreportwe presat a nev modelfor texture representationvhich is par
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a hierachical finite-stateregion-basednodelis automaticallycoupledwith the databy meansof
a sequentib optimization schene, namelythe Texture Fragmentation and Reconstruction (TFR)
algorithm. The TFR algorithmallows to modelbothintra- andinter-texture interactionsandeven-
tually addressethe sggmentatiortaskin a completelyunswpervisedmanner Moreover, it provides
a hierarchicaloutput,asthe usermay decidethe scaleat which the segmentationhasto be given.
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Modele hiérarchique a étatsfinis pour la segmentationde
texture. Application a la classificationde foréts

Résumé: Danscerappot derecherchenousproposonsin nouxeaumodélepourla représentation
destexturesqui estparticulidementbienadaptél'analyseetala sgmentatiordesimages. Chaque
imageestd'aborddiscrétisée.Ensuite,cettereprésentationliscréteestaubmatiquemenassociée
a un mockle hiérarchiquea étatsfinis fondésurles régions,gracea uneoptimisdion séquentielle
via I'algorithme Texture Fragmentation and Reconstruction (TFR). Le TFR permetla modélisation
soit desinteractionsintra-textures, soit desinteractionsentretexturesdifférenteset doncil résout
le problémede la segmentationde maniérecomplétemenhon supervisée En outre il fournit une
solutionhiérarchiqueyui peutétreinterprétéea différenteséchellespatialesenfonction desbesoins
del'util isateur Différentstestsdel'algorithme ont étéfaits surdesimagestexturéesfourniesparle
Prague Texture Segmentation Datagenerator Benchmark et surdesimagesdetélédétectiorte foréts
fourniesparl’ln ventaireForestier National(IFN).

Mots-clés: Segmentatiordetexture, classificationmatricesde co-occurrencemodelestructural,
chainede Markov, synthesaletexture, classificatiordesforéts.
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1 Intr oduction

Imageseggmentatior{4, 7, 13, 23] is alow-level processingwhichis of critical importancefor mary
applicationsin several domains,like medica imaging, remotesensing,sourcecoding,andso on.
Althoughit hasbeenwidely studiedin the lastdecadesn mary casedt remainsstill open,asfor
texturedimageswherethespatialinteractionamay coverlongrangesaskingfor high ordercomplex
modeling.

Thereare a large numberof approacheso segmenation, but for the sale of brevity, herewe
confineoursehesto reviewing only thosethathave beentesedusingthesamebenchmarkingystem
[14] aswe use,andwhichtherdore sene aspointsof comparisonin [12] imageblocksaremodeled
by meanof local GaussMarkov RandomFields(GMRF) andthe segmentatioris performedn the
parametesspaceby assumingan underlying GaussianMixture. Similar to the previous,but with
anauto-r@ressve 3-D model (AR3D) in placeof the GaussMRF, is the methodpresentedn [13].
In [8] anapproachnamey the JSEG,is presentedvheresegmentationis achievedin two steps:a
color quantizatiorfollowedby a processin®f the lakel mapwhich accountdor spatal interaction.
Anothermethodtakenin consideratioris the segmentatioralgorithmunderlyingthe content-based
imageretrieval systen Blobworld [4]. Herea GaussiaMixture modelis assumedh afeaturespace,
wherecontrast,anisotroly and polarity are the salient texture descriptorsandthe EM algorithm
carriesout the clustering. Finally, the algorithm presentedn [5] (EDISON) combinesa region-
basedapproactwith a contourbasedone,hencebalancingthe global evidencewhich characterizes
aregion-basednodelwith the local informationtypically dominantin the contourmodeling.

In this researchreportwe presenia novel methodfor unsupervisedexture segmentationwhere
theimageto be segmenteds first discretizedandthena hierarchicalffinite-stateregion-baseanodel
is automaticallycoupledwith the databy meansof a sequentiabptimizationscheme pnamelythe
Texture Fragmentation and Reconstruction (TFR) algorithm. The modelallows to take into accaunt
bothintra- andinter-textureinteractionsandeventuallyallows to addresshe segmentatiortaskin a
completelyunsupervisednanner Moreover, it providesahierarchicabutput,suchthattheusermay
decidethe scaleat which the segmentatiorhasto be givenon the basisof the specificapplication.

TheTFRis basicallycompaedof two steps.Theformerfocusentheestimatiorof thestatesat
thefinestlevel of thehierarcly, andisassocitedwith animagefragmentationpr over-seggmentation.
The latter deds with the reconstructiorof the hierarcly representinghe textural interactionat dif-
ferentscales.Therecongructionpartis controlledby a measureamedregion gain which accounts
for the spatialscaleof the correspondingegion, andfor the “attraction” operatedy the neighba-
ing regionson it. In particulartwo differentgainshave beendefinedandcomparedexperimenting
with datageneratedy the benchmarksystem[14]. A comparisorwith other methodsusingthe
samebenchmarkvasconsiderediswell. Finally, we have considered very critical remotesensing
application,which is the forestsegmentation15], for which traditional color-basedsegmentation
methodsusuallyfail, askingfor texture-basedlgorithms. The datain this casewerecurtesyof the
FrenchNationalForestinvenbory (IFN).

INRIA



Hierarchical Finite-State Texture Modeling 7

2 TS-MRF model-basedsegmentation

Thetexture sggmentatioralgorithmwhich will be presentedaterin this researchreport,makesuse
of acolorbasedsegmentatiorasafirst step.Amongall the possiblechoicesve have selectedor this
purposehetree-structured MRF (TS-MRF) model-basealgorithmpresentedn [7, 23] andbriefly
recalledhere. This algorithmhasseveral characteristicsvhich areattractve in this contet. It uses
a MRF prior modeling which helpsto regularize elemenary regions and improve the robustness
with respectto the presenceof noise. Furthermorethe datalikelihood descriptionis basedon a
multivariateGaussin modelingwhich takesinto accounthe correlationin the color space Finally,
its tree structuredformulation, similar to that of the tree-structuredrecta quantizationalgorithm
[11], speedsup the processingand ensuresorvergenceto the desirednumberof clusters.In the
following a brief descriptio of the TS-MRF algorithmis given.

A randonffield X definedonalatticesS is saidto beaMRF with respecto agivenneighborhood
systemif the Markovian propertyholdsfor eachsite s. The distribution of a positve MRF canbe
provedto have aGibbsform [10], thatis:

p(alh) = - expl-U(a, )] @

with U(z,0) = > .o Ve(e, 0), wherex is therealizdion of thefield X, 0 is the setof parameters
of themodel the V. functionsarecalledpotertials, U denotesheenepy, Z is anormalizingconsant
thatdependon ¢, andc indicatesa clique of theimage. Note thateachpotential V.. dependsonly
on the valuestaken on the cliquesitesz. = {z,,s € ¢} and,therefore,accounts only for local
interactions As aconsequencégcal dependencies X canbeeasilymodeledoy definingsuiteble
potentialsV.(-). In particularthe secondorder PottsMRF model[2] is considerd in this work,
whereonly pairwisecliqguesareassociateavith notnull potentialsthatis:

B ifxy# g pgec
Velae) = { 0 otherwise )

wheres > 0 is themodelparameter

Dueto theinherenthigh compleity of this model,which canbe optimizedby stochastiaelax-
ation algorithmsor othersimilar proceduresa faser algorithmfor unsupervisedmagesegmenta-
tion, which is basedn “tree-structured"MRF modeling,hasbeendevelopedin [7].

Let usnow considera K -classimagesegmentatiorproblemandmodelthe unknovn labelmap
with a randomfield X definedon the lattice S of the imagey to be segmented. Sucha problem
canbeviewedas a nestingof severalsegmentatiorproblemsof reduceccompleity. Givenabinary
treestructurewith K terminalleaves,eachassociatedavith oneof the K class/rgion to be singled
out, therewill be K — 1 internalnodes,eachrepresentinghe meiging region of the descendant
leaves/rgions. Equivalently eachof suchlargerregion representsheirregulart (exceptfor theroot
node) supportdomainfor its children regions, which corresponceitherto terminal classesor to
meming classes.Actually, in the TS-MRF unsupervisealgorithmsucha structureandthe corre-
spondingmagepartitioningarerecursvely singledout by top-davn induction, whereeachstepisa

INot rectangular
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8 Scarpa & Haindl & Zerubia

binary region split (associatedvith a nodesplit) basedon alocal binary MRF lik e the Pottsmodel
presentedbore,with K = 2, anddefinedonaproper irregular, latticeshapedy theancestosplits.

Thegrowth of thetree,thatis thechoiceof the nodeto be split from timeto timeis controlledby
atestlocal to eachnode,namelythe split gain, which accountdor the likelihoodof the hypothesis
of split of the correspondingiodewith respecto the hypothesisof non split of the samenode,on
the basisof the obsenred local testsegmentation(see[7] for further details). Also, whenall such
testson the currentterminalleavesindicateto not split, the treegrowth is stgppedandthe number
of classess automaticdl givenby thenumberof leaves.

Indeed,sincewe will usethe TS-MRFaspartof amorecomple tool for texture segmentation,
the clustervalidaion problemhasnot to be solved by the TS-MRF itself which, eventudly, will
simply over-segmenttheimage.For this reasorwe defineherea differentsplit gain, to notbe meart
ashypothesigestbut only asindicatorof thetotal distortiondecreas@btainedby fitting separately
thetwo regionsof a split with local models.Let uslabelt the node/rgion to be split andber and(
theright andleft childrenrespectvely, thereforethe split gainis definedas:

o _ ey )m(y)
Gt(‘r ) - pt(yt) (3)

wherez? is the testsegmentatioR, ' is the imageportion associatedvith noded, andp;(-) is the
bestmatchingGausiandistribution for the datay®. Eventually the TS-MRF algorithmusedhere
differsform the versionpresentedn [7] in theway how the treegrowth is controlled. In particular
the split gain defined above doesnot containan additionalterm, namelythe prior probability p(zt)

(see[7]), which accountdor the shaperegularity of the childrenregionsbut is unnecessarin this
context. Also the growth is stoppedwhenthe requirednumberof classess reachedandnot when
all gainsareunderathreshaodl.

2A region segmentatioris first computedand,hence pn the basisof the correspondingplit gainis validatedor not.

INRIA



Hierarchical Finite-State Texture Modeling 9

3 Texture Fragmentation and Reconstruction(TFR) algorithm

Theproposedsggmentatiormethod,hereaftereferredto asTexture Fragmentation and Reconstruc-
tion (TFR) algarithm, is basedon a hierarchicalfinite-statemodelingof the imagetextures,andis
optimizedby meansof a split-and-mege procedure.The former (top-davn) stepaimsat decom-
posingthe imageto be sgmented(then, also eachof its textures)in a suficiently lamge numbe
of componentshenceit over-seggmentsthe image. The latter (bottom-up)stepaimsat associating
recursvely thetexture componentgreviously extractedsothateachdifferenttextureis properlyre-
constructedThe procesgrovidesusatthe endwith a hierarchicaseggmentatiormap,asstructured
texturescanbe revealedat differentscales.By structure texture we meana spatialpatternwhose
interactionrange,i.e. the ordet is not clearly boundedout canbe regardedasthe superpositiorof
simpler bounded-rangénteractions. An image patterncontaining both macroand micro textural
interactionds suchanexanple.

In generalacomple scenariccanbe alsoregardedasa single textureatthe coarsesscale and,
in a sensethe sameclustervalidationproblen? doesnot make sensei.e. it is anill-posedproblem
if the scaleis not fixed somehav. As anexample,considerthe front of a building with anarray of
windows. At afinestscaleonelik ely candistinguishthe glasses, the frames of thewindows, andthe
walls. Then,ata coarserscale framesandglassesanbe considerecasa uniquetexture (window),
sincethey arestronglyrelatedspatially while at the coarsesscalewindowv andwalls, which also
relateto eachotherbut with longerrangespatialinteractionsmeigein the building texture.

Theill-positioning of the clustervalidationproblemis very commonin mary computervision
applicationsand,beingawareof its strict correlationwith the spatialscale hereinwe will provide a
methodwhich givesa hierarchicasegmentatiorratherthana singlesegmentatiorwith anestimated
(somavhat“unreliable”) numberof regions.By doingso,we getascale-dependeirterpretdion of
theimage representetly asetof nestedsggmentationsvhich canbeassociatedvith atreestructure
whereeachof its pruningcoresponddo a possiblesegmentation.

3.1 Hierar chical finite-state texture modeling

In orderto achieve the goal discussedbore, we resortto an underlyinghierarchical, discrete and
region-based modelingof the textures. As a consequeng, a first basicstepis the transformation
from the continuousspaceof the imageRZ*IS|, with B spectralbandsand supportlattice S, to
adiscreteone QI°!, where is afinite set. Sucha processcanbe eitherjust a color quantiation
directly appliedto the originalimageor, moregenerally a clusteringin ary featurespacevherethe
imagecanbe projectedfirst. In both casesthe cardinality of Q) fixesa “resolution” of the model,
thatin thefirst casecorrespondso a color resolution.Indeed,asit will beclearerater, sincethisis
aregion-basednethodthehigherthe cardinalityof 2, thesmallerthe sizeof thebasicimageregion
elementshencethe modelresolutionis alsomeantasa spatialone.

A naturalquestionis thenif the model resolutionhasary limit, i.e. if the cardinalityof Q2 can
be choserarbitrarily large. Thoughintuitively theansweris negative, it needssomefurther details
aboutthe modelin orderto be motivated. However, regardlessof the motivations,onecould doubt

3Thatis, theidentificationof the numberof texturesin theimage.
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Figure 1: Hierar chical RegionAdjacency Graph (H-RAG) texture representaton: textile pat-
tern (a), and two levelsof the H-RAG (b)-(c).

aboutthe texture descriptioncapability of the modeldueto theinitial discretizationof the image.

Actually, while this couldbe aratherseriots limit in asynthesigproblemi,it is notthatcritical in an

analysisproblemlik e the segmentationandespeciallyin anunsupervisedettingwhererobustness,
ratherthenprecision,s themostrelevantissue.

Letusfocusnow ontheregion-hierarchicamodelingaspectsA verycommongraphrepresenta-
tion of a setof regionswhich accountdor their relative spatialpositioning,is the Region Adjacency
Graph (RAG), thatis a non-orientedgraphwherenodesare associateavith regions,andary con-
nectionbetweertwo nodesndicatesheadjacenyg of thetwo correspondingegions.As anexample
considerthetextureof Fig.1(a). It isimmediateto figureathree-lerel quantizedmageswith codes
blue, black andred. Also, consideraselementaryregionsall the connectedareaswith the same
code. For suchanimagepartitioningin regions,the correspondindRAG is depictedin (c), where
eachnoderepresentaconnectedegionandits colorrecallstheassociatedolor-code.Furthermore,
notice tha the graphis periodicbecausef the periodicalbehaior of thetexture. Likewise,in (b)
is shavn the RAG for a two-level discretizationof the sametexture wherethe black ard the red
regionsare memgedin a mixing class. More generally given a setof nestedimage partitions,we
canassocia with it a cascade®f RAGs, namelythe H-RAG (HierarchicalRAG), or the HARAG
(HierarchicalAttributedRAG) if thenodesarealsofeatured9].

Sucha modelinghave beenusedmodly for content-basednageretrieval applicationg CBIR)
[9, 24], wheretheregionsarespatiallyrelatedwithout ary stationarityandthe goalis to find a sub-
graph(hence,animagearea)which well fits with the structuraldefinition of the searchedbject.
Instead,for texture modeling somestationarityis expected,as shavn in the simple caseof Fig.1
wherea strong periodicity is well visible and representedy its H-RAG aswell. Likewise, an
aperiodictexturewould have an associatedH-RAG which reflectsits statisticalproperties.

A compactandactuallyenhancedrepresentationf the H-RAG for a statonarytextureis pos-
sibleby meansof a hierarchicafinite-statemodeling,asclarified by Fig.2w.r.t. theabove example.
Let usconsiderthe eightmainspatialdirections(north, north-easteast etc...)andfor eachof them
considerthe intra- andinter-region transitionprobabilities(TPs). Hence,for eachparitioning de-
gree,we candefinea se of eight statediagrams. For example,in (a) is shavn the statediagram

INRIA



Hierarchical Finite-State Texture Modeling 11

) . 0.95 0.05 0.95
€Y (b) ©

Figure 2: Finite-state modeling associatedwith the texture of Fig.1. Two-state model: east
dir ection (a). Thr ee-statemodel: east(b) and south (c) dir ections.

correspondinghe theeastdirectionwhenthetextureis reducedo only two stateswhile in (b) and
(c) areplotteddiagramsw.r.t. the three-stat@artition, for the eastandsouthdirections respectiely.
Thisrepresentatiors enhancedincethe H-RAG only revealstheadjacemy, regardlesf its weight
anddirectionality ApproximatedTPsareindicatedon the graphsjustto give anideaof theirrela-
tionshipwith thevisualappeaanceof thetexture. To be moreprecisejn talking about TPswe have
to specifythe spatialstepsize. In the following, we simply referto the pixel size,sincewe assume
to move on a pixel-by-pixel bass accordingto a 8-connectedheighborhoodystem.

Theinterpretatiorof this graphicalrepresentatiois ratherimmediate.First, notethattheintra-
region TPsaccountor theshapeof thetexturecomponentsitary region-scale Consideyfor exam-
ple, the blue patcheghatregularly occurin the texture sampe. Dueto their rectangulashapethe
associatedhtra-region TP in thevertical direction(c) is largerthenthe horizontalone (b). Further
more,theremaining,inter-region, TPsaccounffor thespatialcontet, tha is, therelative occurrence
andpositioningof the neighboringregions. For the transitionsbetween statest is very commonto
refer to the condtional probabilitiesgiven that the stae changeswhich are scaleinvariantin this
particularcase.Finally, obsenre that oncethe TPs areknown ata givenlevel in the hierarcly, then
they areautomaticallyobtainedalsofor the abore levels and, eventually oneonly hasto estimate
theseattributesat thefinest level.

Fromthe sggmentationpoint of view, it is necessaryo move from the global characterizations
like the H-RAG or thefinite-statemodelsto a local characterizatiomt the region level. According
to themodelinggivenabove, thenaturalattributesto associatevith ary region areits color codeand
its local TPs.

To be moreformal, let us introducea few notations. Given a textureimageY e RE*IS! |et
Z € Q! beits finest-level discrete-stat@pproximationwhere) is the setof all possiblestates.
At first glance,it could seemthatthesestatesarejust the quantizationcolors,which is actuallynot
necessaryrue sincethe samecolor may occurin a texture accordingto differentconfigurationof
TP, andthendifferentstatesaredefined.HenceletS,, C S = {s € S, Z; = w} bethesetof image
pixels with statew € €, thenthe assocated |Q2| x 8 transitionprobabilty matrix (TPM), P,,, is

RRNn°6 0 6 6



12 Scarpa & Haindl & Zerubia

computedas

. # of pixelss € S,, suchthatn;(s) € S A |Su—w] .
P / — J = —3— / Q 1 < <
w (@’ 7) # of pixelss € S, |S.| Vel 1=j<8,
(4)

wheren; (s), is the neighborof pixel s in position(direction)j. Eventually it 7 indicatesthe tree
structurewhich representsa region hierarcly, accordingto our modela texture is definedby the
triple (Q, P, 7), with P = {P, },ecq-

Finally, alocal characteriationis easilyderived by dealingwith the elementf the partition of
eachS,, in its connectedsubrgions S, n = 1,..., N,,. In fact,arny suchregion hasanown TPM
which differsfrom theglobd one,i.e.

S* .
PZ(w’,j)=°|“§;“| V' e, 1<5<8, (5)

but is relatedto, ascanbeeasily shavn, by theweightedaverage:

1
P, = 51 D ISSIPE. ©)
wWln=1

Thisis justbecauseve areconsideringa union of regions.Likewise,oncethehierarcly 7 is given,
sincethe intermediatestatesare obtainedby memging the terminals, similar linear combinations
allow usto derivethe TPMsatary coarsetevel.

3.2 Generaloptimization scheme

In the previous sectionwe exploited a discreteandhierarchicatexture modeling,regardlessof ary
particularapplication.Here,we will focuson the unsupervisedeggmentationproblemandpropose
anoptimizationalgorithmfor this case A few commeits have to begivenaboutthe problemsetting.
Sincewe are assumingan unsupervisedontext, thenwe do notknow a priori how mary andwhat
kind of texturesmay be found in the imageto be sgmentel. Also, we cannoteven restrictthe
variety of image patternsof interestto a narrav-domain,sincewe want to focusexplicitly on the
broad-domaircase beingawarethat eventuallyalterndive andparticularizedoptimizationscanbe
derived,for sure,if ary restrction canbeassumed.

As a consequencéatemsto be estimatedare the numbe of texturesand, for each texture, the
terminaf stateswith correspondingrPMs, andthe hierarchicalrelationshipsby meansof which
intermediatestateswith associatedttributesarederived by combiningtheterminals.

The determinatiorof the number of texturesof a givenimage,classicallyreferredto ascluster
validation problem, is strictly relatedto that of finding theinternalstructureof eachsingletexture,
especiallywhenlongrangenteractionsarepresentn thetextures. Theexamplein Fig.3clarifiesthis
obsenration. Theimage(a) is composéd of two textureswhoserepresentatie statesat the coarsest
level areindicatedby w andz. In aH-RAG representationf atexture,the coarsetevel correponds

4Correspondingo thefinestlevel in the hierarchaimodeling.

INRIA



Hierarchical Finite-State Texture Modeling 13

(d) (f)

Figure 3: Image structure ambiguity. A texture mosaic (a) and several binary (b)-(d) and
non-binary (e)-(f) hierarchical modelings.

to the root of the hierarchicalstructureand, eventually is associted with the texture as whole
Moreover, if animagecontainamorethanonetexture,thanthewhole imagecanbe consideredtself
asa texture whosehierarchicalstructureis simply obtainedby relatingthe maiginal substructures
until aroot nodeis reachedln this sensethe structureshavn in Fig.3 (limited in depthfor sale of
simplicity) represat bothintra- andinter-texture dependencies first obsevationto make is about
theill-positioning of the clustervalidationproblem. Indeed,for suchanimagea humanobsener
could guesghatthe texturesareactuallyfour andnot just two, andhencewe canexpectthatfor a
computetthesedataareevenmoreconfusing.In termsof hierarchicarepresentationatthetop level
thetwo differentcasesorrespondo (b) and(e).

Eventually thisill-posedproblemneeddo beregardedfrom a differentpoint of view in orderto
bereasonablysolved So,ratherthanreally finding the exact nunber of textureswe will provide a
hierarchical segmentation, thatis a setof nestedsegmentationghence,coupledwith atreestructurg
wherea singlesegmentationcorrespondso a pruningof thefull tree. By doingso,asfinal product
we only have to provide the finest sggmentationand the region hierarcly tree which univocally
determinesry coarsersggmentation)eaving to the userthe choiceof the pruning (i.e. thenumber
of classesyvhich betterfits with the subsequerapplication.

Indeedthis is ratherreasonableincein mostof the applicatons,segmentationis just an early
processingvhich precedesomeotherones. As an example,if we considerdatacompressn and
usea region-basedechnique thensggmenationis requiredasa first stepandthensingleregions
extractedareoptimally coded.If we referto theimageof Fig.3 (a), thenwe mayreasonablyexpect
the 4-classpartition to be preferableto the 2-classone. In termsof hierarchicalrepresentatioffior
theprovidedsggmentatbn, thenwe mayexpectastructurewhich figuresatthetop levelslik e (f). As
it canbeseenthefull structure(f) correspondso the desired4-classsegmentationwhile a pruning
of it would provide uswith a structurelike (b) which givesthe 2-classpartition. Noticethata flat
structurdik e (e) would not containary substucturewhich correspondso the 2-classsegmentation.

Finally, letuslimit ourattentionto thecaseof “binary” structuresComparingd) and(f), we can
seeat first glancethat(d) is an approximatiorof (f) whenthebinary constrainis assumedindeed,
from our point of view (d) is reachetthan(f), sinceit containsthe samesegmentationsas(f), plus
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1

pixel-level processing

imagefragmentation

— (oversegmentation)
SBC
region-level processing
(negligible comp.load) —F

hierarchicakexture
reconstruction
- ] e

Regionmerging

Figure 4. Flow chart of the Texture Fragmentation and Reconstrucion (TFR) algorithm.
(CBC: color-basecclustering; SBC: spatial-basedtlustering)

onemore,a 3-classsegmentation.This is simply dueto the presencef one moreinternalnodein
thestructurewhich increase the numberof possble prunings,.e. imageinterpretationsMoreover,
thebinaryconstrainsimplifiesthesearchof thetreestructue to beassociateavith the segmentation
becausdt limits the numberof possiblestructurego investicate. Fromthe above consideations,in
thefollowing we only dealwith binaryhierarchies.

Let usturn now backto the optimizationproblem. As we re-formulatethe clustervalidation
problem, it is no more a critical part of the optimization. Therefore,it is partially solved when
the global H-RAG is determinedandcanbe completedby ary application-depereht criterion to
be apgied on the final hierachical segmentationprovided which, actually hasjust to identify an
optimal pruning.

Therefore we canneglectthe numberof textures,thenwhatremainsto be estimateds a “rea-
sonable’numbe? of terminalstatesandthe global hierarchicatree. The optimizationschemewe
proposeseeFig.4)is quite simplebut effective, asit will beshavn by theexperimenal tests.Notice
first thatthe extractionof the statesandthe hierarcly areperformedin two separatendsequential
steps.Theformer, composedy theblocksCBC (Color-BasedClustering andSBC (Spatial-Based
Clustering),dealing with the estimateof the statesthe latterfocusedon the hierarcly. The split of
theformerin two partsis justified by thefactthata statein our modelis characterizedy meansof

5Theterm‘“reasonable’temindsthatby choosinghatnumbernwe arefixing somehev the resolutionof the algorithm.
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theregion responsegitherin the original color spaceor in a transformecne,andthe TPM which
accountsfor shapeand neighborhoodf the regions. Furthermore,while the color responsés a
pixel-wisefeature the TPM is aregion-wisecharacteristicFor thesereasonsve proposeto process
colorandspatialinformation independentlyn asequentialvay. TheCBC blockwill createacertain
numberof partial-statesnamelythe color-statesdiscriminatedust by the color, andthenthe SBC
will furthersplitthem onthebasisof theregion-basedeatures SinceSBC,aswell asthesubsequent
region memging, worksatregion-level (it handlegsheelementaryconnectedegionscreatechy CBC)
the associaté computationaload is negligible w.r.t. the CBC burden. Region meiging, or state
meming, is nothing kut a sequentiabinary combinationof the states dsienby a specificparameter
which accountdor the mutual spatialrelationshipsamongthe states.

Let usdetailnow the singlestepsof the TFR algorithm.

3.3 Color-basedclustering (CBC)

This seggmentatiorstepis critical in thesensehatcolor informationis handledonly hereandregard-
lessof spatialinteraction.Sinceonehasto extracta certainnumberof color-stateswhathasto be
performeds acolorbasedsegmentatioror clustering.Hence CBC canbeappoachedyy usingone
of the mary well known methoddgfor this kind of prablem, like vectorquantzation[11], low order
MRF-basedilgorithms[10, 17],andsoon.

As CBC we have usedthe tree-structurediRF (TS-MRF) algorithm[7]. This algorithmhas
several featureswhich are attractive in this context. It usesa MRF prior modelingwhich helpsto
regularize elementaryregions and improves the robustnesswith respectto the presenceof noise.
As matterof fact, it giveslargeruniform regions,whosecharacterizatioin termsof TPM is more
reliablecomparedo regionswhosesizeapproachethepixel’s one.Furthermorethedatalik elihood
descriptionis basedn a multivariateGauwssianmodelingwhich takesinto accounthecorrelationin
the color space Finally, its treestructuredformulation,similar to that of the tree-structuredector
quantizatioralgorithm[11], speedsip the processingandallows for adaptvely choosinghe color
clusterto be split in a recursve process.Sucha featuremay be usedto make uniform the size of
theregion elementprovidedby the color cluskering,asto ensurea uniform spatialresolutionof the
method.

The numberof regionsto be singledout needsto be eitherfixed a priori, on the basisof some
heuristicrule, or estimatedaccading to someclustervalidaion criterion. To this end, a trade-of
shouldbe taken into account. In fact, a high numberof regions producedat this stage,although
would helpto presere imagedetails,will producetoo smallelementaryegionswhosesubsequent
spatialcharacterizatiofor next processingvouldbelessreliable.Also, eventuallongerrangespatial
interactionsof a giventexture would needmorestepsto propagtein thefinite-statemodeling,and
henceaskfor amorecomplex optimizationprocesgo berecognized.

Being aware of theseaspectswe decidedto usea simpleheuristicrule, to berefinedin future
work, asat presentother aspectof the algorithm seemto be more critical and necessitat¢o be
addressefirst. Onthebasisof our experimentabbsenations,we foundthedoubleof the maximum
numberof texturesexpededin theimageto be areasonablehoicefor the numberof color clusters
to be extracted. This canbe intuitively justified by the factthatany non-trivial texture hasat least
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two modesin the color space.Hence,we areensuringthat,in average we have at leasttwo colors
pertexture.

3.4 Spatial-basedclustering (SBC)

In theprevioussectionwe describedow acertainnumberof partially-defnedstatespr color-states,
arederived from theimageby CBC discriminatingonly w.r.t. color. The spatial-basedlustering
(SBC)thenfocusesnthefurthersplit of thesestatedy usingthe contextual informationcontained
in the TPMsdefinedin Secton 3.1.

In principle, this splitting processshouldbe carriedout simultaneouslyfor all the color-states,
asthecharacterizationf the fully-defined stateswould not referto partially-definedstatesIn other
words, while computingthe TPM of a region of a given color, one shouldrefer to fully-defined
statesrequiringthe other colorstatego be alreadysplit. Therefoe, it is clearthatthe optimization
problemmay be addressedteratively by alternatingstateestimaton andregion labeling. However
two mainconcernsaboutthis solutionhave to benoticed. Thefirst oneis thatwe have no guarantees
aboutthe convergenceof suchan iterative process.The secondoneis aboutthe reliability of the
characterizatiomf the states.While the formeris easilyunderstoocand perhapsanbe addressed
in practice thelatteris morecritical andneedgo befurtherclarified.

For this purposeconsiderthe examplebelow. Let 24 bethe numberof color-statescomputedby
CBC, andsupposehe CBC outputmapto have around10* connectedegions,i.e. imageelements
to be characterizedndclustered.Also let 12 be the averagenumberof offspring statesper color-
state.Hercethetotalnumbe of stateds 24 x 12 = 288, andthe TPMswill contain 288 x 8 = 2304
elementswith an high degreeof sparsenessThis meansthatwe shouldperforma clusteringin a
spacewhete theratio betweerthe numbe of elementandthedimensonality of the spaceds around
10%/2304 ~ 4, which s clearly not enoughand, then,a considerabldeaturereductionis needed.
Furthermoreaneventualfeaturereductionshouldbeiteratedaswell asthe clustering causinghuge
computationg@ndmakingeven morecritical the corvergenceof the process.

For thesereasonsve implementeda differentoptimizationschemevhich doesnotrequireajoint
split of color-staes. In practicewe consideranapproximatecharaterizationof theimageelements,
by simply referringto thepartially-definedstaes® In thiswaywe factorizetheoptimizationprocess,
sincethe splits of the color-staesaremutuallyindependentNeverthelessthe dimensionalityof the
featurespacsds still large for a reliablecharaterization,andthenwe useto a principal component
analysig(PCA) to reducseit.

In particulara singlesplit, which is a clusteringof connectedegionswith the samecolor-state,
sayw, is carriedout asfollows. For eachconneted elementn € {1,..., N, }, thecorresponding
TPM P7 is computedby Eq.5. Experimentallywe found more effective the useof a logarithmic
transformatiorQ”” definedas:

ne 1 oA [ logll — QW 7)], w=w
Qo) = { loglQ (e’ j)/(1— Qw.5)l, W #w. ™

6W.r.t. the previous example,only 24 x 8 TPMsarenow involved.
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Apartthe useof thelogarithm, notice thatfor ' = w this correspondso replacethe probability of
keepingthe currentstatewith its complementi.e. probabilityto leave the state). When ' # w, that
is thecasewhenstatew is left for w’, we just conditionedw.r.t. theevent“w is left”.

Now for eachfixedw’ considerthe 8-dimensionatow vectorsQ” (v’,-), 1 < n < N,, andre-
ducethemto scalarvaluesby PCA, i.e. by takingthe projectingon thelargest eigervector Roughly
speakingve arejust consideringanaveragebehavior w.r.t. thespatialdirections wherethosewhich
aremore“informative” are weightedmore. By doingsoindependenthfor eachrow «’, we reduce
thematricesQ”, to a |Q2|-dimensionatolumnvector whichis thenfurtherreducedy PCA, asto en-
surea smallerdimensionality In particular the numberof meaningfulcomponentss automatically
choserto keep75%o0f theenepgy. ThissecondPCA is justifiedby thefactthatsomeneighborstates
actuallyoccurrarely andaredueto the noise. Thereforea PCA improvesfurtherthe robustnesof
theclustering.

Finally, the clusteringis performedby applyinga k-meansalgorithmin this featuresubspace
wheredataare no longeras sparseasin the full spacespannecby the TPMs. The numberK of
subclusterper eachcolor-statesplit is fixeda priori, sinceits exactcomputationis not necessaryin
particular K mustbelargeenougho avoid underclustering thateventuallycouldcausehemerging
of differenttexturesduring the subsequentegion meging step. On the otherhand,a too large K,
hencean over productionof statesmay causea singletexture to be split afterwards. Accordingto
our experience,agoodcompromises to fix K to theexpectechumberof texturein theimage,or to
its upperboundif thisis theonly known information.

3.5 Regionmerging: the regiongain

The resultof the sequencef steps describedabore (CBC andSBC), is a partition of theimagein

regions,eachof themcorrespondindo a statedefinedin termsof color, shapeandspatialcontext.

Accordingto the hierarchicaimodeling formulatedabove (see Section3.1), thesearethe terminal
stateqfinestscale)which have now to berelateduntil all collapsein themacrostateassociateavith

thehierarcly root,i.e. with thewhole imaggcoarsesscale) which correspondso arecursveregion

meuging. The aim of this processs to collecttogetherstatesj.e. regions,thatbelongto the same
texture asto obtainthe texture identificationandsegmentation.Now, giventhata single statemay
interactwith boththe statesof the sametexture andthoseof a neighboringone,whatis importantis

to privilege the memging of statesstronglycorrelated asthey likely belongto the sametexture. In

this way the intra-texture mergingswill be privilegedw.r.t. the intertexture onesthat, eventually

will appea atthetop levelsof the hierarcly. In particular a correctstructureidentificationrequires
all intra-texture meigingsto be performedbeforeary inter-texture one. If we achiese this, then
all mamginal texture modelsareenclosedasnon-overlappedsubstructurem the overall hierarchical
model,hencea separatiorof them is possibleby simply stoppingthe meging processwvhenall the

intra-texture meigingsaredone.

As alreadydiscussedbove, we focusin this reporton binary hierarchiesn orderto reducethe
compleity, aswell as to benefitof the greder flexibility of a binary solutionfor the purposeof
representationThereforethe structurebuilding canbe performedby meansof arecursve sequence
of binarymemgingsdrivenby atestparameterDueto the abose remark,we have properlydefineda
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test,namelytheregion gain, whichis definedin the following. At ary givenstept of therecursve
meming sequencelet Q(*) be the currentsetof stateswhich are candilatesfor the next memging.
ThenQ( is the setof terminalstatesyhile Q(“~1) is justtheroot statewith L = |2(?)|. Now, for
eachstate; € Q(*), correspondingo region R, theregion gainis definedas:

p(s € R;)

i 8

g max;»; p(r € Rj|s € R;) ®
1 p(r ¢ Rils € Ry)

= Ri) - : 9

pls € Ri) p(r ¢ Rils € R;) maxjx p(r € Rjls € R,;) ©

wheres is animagesiteandr is ary of theeightneighborsof s.

Noticethatthetestparameteis notameasur®f similarity betweerstatedut ameasurdinverse)
of the migration speedof statei toward other states,in particularthe mostattractive state,j* =
arg max;-; p(r € R;|s € R;). Infact,it is aratio betweerthe areacorrespondingo statei, which
canbeconsideredsaweigh, andthe probabilityto leave statei for j* (Eq.8).

Eventually at currenttime ¢ the wealest states, that is associatedo the minimum gain, is
absorbedy the statej* thatattractsit the most. Thenthe meging processs iterateduntil the root
of thehierarcly is reached.

Thefactorizationn Eqg.9,allows usto give aneasyinterpretationof thegain, asthespatialscale
dependencef the outputhierarcly. Indeed,the gain of a stateis alsoanindicatorof the scaleof
its correspondingegion, andconsistentlyit typically increasesvhenmeiging statesandassociated
areas.Thefirst factoris clearly relatedo the scalesinceit is proportionalto thearea,aswell asthe
secondwhichindicateshe compactnesesf theregion. In fact,thelargerthe probabilty to leave the
state(denominator)the larger the region perimeterthenthe lesscompacthe region is distributed.
Thethird factor which is just the inverseof the occurrenceof the nearesstategiventhatthe state
is left, is insteadrelatedto the spatialcontext rather thanto the scale. For a fixed region, in fact,
the presenceof a dominan neighborratherthan several equally occurringones,indicatesa clea
relationshipbetweenwo stateswhich likely have to bemeiged.

Recallthatoncethe completeseqenceof meging is definedthena nesedhierarchi@al sgmen-
tationis given. Therefore ary usermay selectthe properseggmentatiorhe/sheneedsdependingon
the purpose.Sometimesijnstead the userhasadditionalinformationthat may drive the validation
in a post-processingNevertheless, this problemcanbe addressegust in terms of scale,sincethe
region gain is directly relatedto it andit is suficientto give again threshold.In this seng, fixing
the scalecorrespondso take areferenceregion with fixed area(say« x |S|), shape(saya square)
andcontext (sayonly onesurroundingneighbor).With theseconstraintghe givenregion will have
approximatvely a gain equalto:

)2
G = Ba(yalS| - 2)* VO‘|S|2), (10)
124/alS]|

which canbe usedasathresold throughthe specificatiorof a.
Concerninghe computationaload of the meiging process, it is easyto reagnizethatit is very
light, sinceoneonly hasto computethe TPMs for the terminal statesprovided by SBC, andthen
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keepan orderedlist of the gains of the currentstateswhile storing the structuredefinedby the
meige sequenceAlso, the TPMs of memging statesarejust combinationof otherTPMs (henceno
computatiorat pixel level), andthe gainsarederivedfrom the TPMsaswell.

3.6 Enhancedregiongain

Theregion gain definedabose measuresiow likely theregion s itself the supportof atexturew.r.t.
the hypothesisthatit is just a partof a larger support. Whenthe gain is low we let the region be
absorbedrom the“nearest”,asto obtainalargerone.By definitionof theregion gain, the“nearest”
meanghe neighboringregion thatshareghelargestboundarywith the givenregion. Althoughthis
criterion has preided goodresults,thereare certaincasesvhereit fails. Indeed,the presene of
noisemayincreasehelengthof theboundarybetweertwo regionsandmake themcloseraccordiry
to thegain definition. This problemoccursoftenbecausef the boundaryfragmentatiorpphenomena
causedy color quantizatiorduringthe CBC step.

In order to reinforce the measureasto improve the robustress,we considerednot only the
degreeof contactbetwveenregions but alsotheir spatialdistribution similarity. To do so we have
introducedan additionaltem in the gain, thatis the Kullback-Leiblerdivergence(KLD) [18]. The
KLD betweenrtwo distribution, p andgq, is definedas:

Do) 2 (10g 20~ [ 100 2 i, (11)

where(-),, is thestatisticalaverageaccordingto the distribution p. SinceD(p||q) is theaveragdog-
likelihoodratio betweenp andg, thenit isameasuref theinefficiengy of assumingy in placeof p.
Henceit is well adaptedo descibe how muchtwo objectsareclosew.r.t. their spatiallocations In
particular namedy; (x) thedistribution of the spatal locationof region i, wherex is the 2-D spatial
position,thenthe modifiedregion gain G of statei is definedby:

. A . p(s € Ry)
1 : = 1 D(q;llq; 12
og Uk, Iﬁgg{ e RsER) (qllqj)} (12)
. p(s € Ry) < qi(X)>
= min«lo + (lo , 13
j#i { gp(r € Rjls €R;) & (%) / (13)

wherewe referredto the logarithmic formulationto properly combinethe previous gain with the
KLD term.Noticethatby remaving theKLD termthegainreducego theoriginalone

The computationof the KLD is in generalquite difficult for mostof the distributions,andin a
few casesadnits a closedform. Onesuchcaseis that of two Gaussiardistributions p andq for
whichthedivergenceis givenby [22]:

1 %
Dla) = 5 (g 54 + 005 5) + ity — )55 Gy = ) =) (14)
p

wherep ~ N (up, Xp), ¢ ~ N(pg,Xq) andd = 2 is the distribution dimensionality Due to its
simplicity, theabore modelinghasbeenconsideredor comparinghespatialdistribution of different
regions,andusedfor the new region gain (Eq.12).
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4 Experimental Results

4.1

The Prague Texture SegmentationDatageneratorBenchmark

The Praguetexture sgmentationbenchmarl{14], developedby the Pattern Recognition research
groupof the Institute of Information Theoryand Automation,CzechAcademyof Scienceshasa
two-fold objective:

to mutuallycompareandrark differenttexture segmentergsupervisedr unsupervisd),

to supportnew seggmentatiorandclassificatiormethoddevelopments.

In particularthe sener allows:

to obtaincustomizedxperimentaltexture mosaicsaandtheir correspondinggroundtruth,
to obtainthe benchmarkexture mosaicsetswith their correspondinggroundtruth,

to evaluateany working segmentationresultand compareit to the resultsobtainedby the
state-of-the-aralgorithms,

to include ary algorithm (reference,abstractand benchmak results)into the benchmark
database,

to checksinglemosaicevaluationdetails(criteriavaluesandresultedthematicmaps),
to rankseggmentatioralgorithmsaccordingto the mostcommonbenchmarlcriteria,

to obtainLaTeX codedresuling criteriatables.

The computergeneratedexture mosaicsand benchmarkgrovided by the sener are composecbf
thefollowing texturetypes:

monospectratextures,

multispectratextures,

BTF (bidirectionaltexturefunction)textures,
rotationinvarianttexture s (work in progress),

scaleinvarianttexture set(work in progress).

Furthermoreall generatedexture mosaicscanbe corruptedwith additive noise,andtraining sets
aresuppliedin a supervisedanode.
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4.1.1 Performanceassessrant

Thebenchmarlksener providesa cmmparatve analysisof all theresultsuploadedy usersaccordigy
to severalaccuray indicatorswhicharegroupedn threemaincateyoriesasdetailedn thefollowing.

Region-basedriteria

Theregion-basedtriteria[16] mutually comparethe machinesggmentedegionsR;,i = 1,..., M
with thecorrectgroundtruthregionsR;, j = 1,..., N. Theregionsoverlapacceptances controlled
by thethresholdk = 0.75 (0.5 < k < 1). Singleregion-basedriteria aredefinedasfollows:

« CS (correctdetection):[R,,; R,] iff
(i) card{R,, N R,} > kcard{R,,}
(i) card{R,, "R} > kcard{R,}
« OS (oversgmentation)[R, .1, - .., Rme; Ral, 2 < o < M iff

(i) Vie{1,...,2}, card{Rpm; N Ry} > kcard{R.n;}
(i) Yor; card{Rpi N Ry} > kcard{R,}
« US (undersggmentation){R,.; R, - - - Rz, 2 < o < Niff
(i) i, card{R.,, NRyi} > kcard{R,,}
(i) Vi€ {1,...,2}, card{R,, N Rpi} > kcard{R,;}
« ME (missed):[R,,]iff
(i)
(i)
(ii

iii) R, ¢ undersegmentation

R, ¢ correctdetection

R, ¢ overseggmentation

« NE (noise):[R,,]iff
(i) Rm ¢ correctdetection
(ii) R, ¢ oversegmentation
(iii) Ry, ¢ undersggmentation

Pixel-wiseweightedaverag criteria

Let usdenote

K K
ni_,. = Zni,j and TL.’Z' = an,i (15)
j=1 j=1
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where K is a number of classeqor regions), n is the numberof pixelsin the testset, n; ; is the
numberof pixels interpretedasthe i-th classbut belongingto the j-th class. i is either ¢ for su-
pervisedtestsor mappingof thei-th classgrourd truth into aninterpretdion sggmentbasedon the
Munkresassignmengtlgorithm [21] for unsupervisedests. The following pixel-wise criteria are
implemented:

* O (omissionerror, theoverall ratio of wrongly interpretedpixels):

K

K
1 1
0= E FZI 0; = E Z(no,i - ni,i) S [0, 1], (16)

i=1
whereO; is thei-th classomissionerror.

» C (commissiorerror, theoverall ratio of wrongly assignegixels):

1 K

K
1
ConlGm g2 memmy) €l (17)

whereC; is thei-th classcommissiorerror.
» C' A (theweightedaverageclassaccurag):
1 K N5 iNe.i
CA==> —7=t — <[0,1] (18)

N “— Ne;+ Nije — Niji
=1

CO (recall- theweightedaveragecorrectassignment):
1 & 1&
Co=-— ; ne,iCO; = — ; ni;  €10,1], (19)

e CC (precision,objectaccuray, overdl accurag):

1 & 1 & s iNe g
cczﬁgn.,icci:E;T.' € [0,1], (20)
* I (typel error):
1 K
I=- eo,i — M) = 1 — 1, 21
ng n3,i) co  €l0,1] (21)
o II (typell error):
K
1 N eNei — Ni iTe
II:7 1,0/00,7 1,2'v0,1 1 22
n T T € 0.1, (22)

i=1
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E A (meanclassaccurayg estimate):
1 213 ;Ne ;i
FA=— — 0,1 23
- — o1, (23)

* M S (mappingscore emphasizetheerrorof notrecognizingthetestdata):
1 K
MS == (1.5n;; — 0.5n; —-0.5,1], 24
S nZ( 5ni; —0.5m:4) € [—0.5,1] (24)

i=1

RM (rootmeansquareproportionestimatiorerror):

K

1 & e —nai\2 1 |1
RAT— KZ<M> =~ =@ -0) clox),  @9)

n
Jj=1 Jj=1

indicatesunbalancédetweerthe omissionO; andcommissionC; errors,respectrely.

C1T (comparisonndex, includesboth typesof errors):

K K
1 no,i _ l . . .
cz—nZnﬁ ~Y nei/CC,CO;  €0,1], (26)

i=1

whereC'C;, CO, arethe objectprecisionandrecall. C'I reachests maximum eitherfor the
idealsegmentatioror for equalcommissiorandcommissiorerrorsfor every region (class).

Consisteng error criteria

Let S, S2 betwo segmentationsR; ; is thesetof pixelscorrespondingo aregionin the S, sgmen-
tationandcontainingthe pixel i, |R| is the setcardinalityand) is the set diference.A refinement
tolerantmeasuresrrorwasdefined[19] at eachpixel i:

€i(S1,5:) = |1R\1|2| (27)

Thisnon-symmetridocal errormeasireencodes measuref refinementn only onedirection. Two
errormeasurefor theertire imagearedefined:the GlobalConsisteng Error, GC'E, forcesall local
refinementdo bein the samedirectionwhile the Local Consisteng Error, LC'E, allows refinement
in bothdirections.

* GCE (globalconsisteng error):

GCE(S1,S2) = imin{zei(sl,sg), Zei(Sg,Sl)} (28)

i A
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* LCEF (local consisteng error):

LCE(S1,Ss) = % > min{e;i(S1,5), Y €i(S2, 51)} (29)

LCE,GCE € 0,1, LCE<GCE (30)

4.1.2 Comparative segmenation algorithms

Thanksto the Praguebenchmarksystemwe benefitof several sgmentatiorresultswhich allow us
to make acomparatie analysisof our method.Thedifferentalgorithmswhich have beenrun onthe
samebenchmarldatasetsarelistedandbriefly describedelow:

* GMRF (GaussMRF model)with EM [12]:
Single decorrelatednonospectratexture factorsare assumedo be representedby a setof
local GaussiarMarkov randomfield (GMRF) modelsevaluatedfor eachpixel centeredmage
window andfor eachspectralband. The sggmentation algorithm, basedon the underlying
Gaussiamixture (GM) model,operatesn thedecorrelatedsMRF spaceof parametersThe
algorithmstartswith an oversgmentednitial estimationwhich is adaptvely modified until
the optimalnumberof homogeneustexture sggmentss reached.

* AR3D (3-D Auto Regressve model)with EM [13]:
This algorithmis similar to the previous one,but the GMRF modelingis replacedby athree
dimensionabuto-rgressie model.

» JSEG[8]:

Themethodconsistf two independenstepscolor quantizatiorandspatialsegmentationln
thefirst step,colorsin theimagearequantizdto severalrepresentiéve classeshatcanbeused
to differentiateregionsin theimage. Theimagepixelsarethenreplacedy theircorresponding
colorclasdabels thusformingaclass-mapf theimage.Thesubsequet spatialsegmentation
stepappliesto the class-mapasto obtan animage,namelythe” J-image”, wherehigh and
low valuescorrespondto possibleboundariesandinteriorsof colortextureregions. A region
growing methodis thenusedto provide the final sggmentationon the basisof a multiscale
J-images.

 Blobworld (a systemfor segmentationandCBIR) [1, 4]:

Thealgorithmwhich wewill referto asBW is the basicsegmentatiortool usedin thecontent-
basedmageretrieval systemblobworld [4]. Eachimageis sggmentednto regionsby fitting
amixture of Gaussianso the datain ajoint colortexture-positionfeaturespaceby means of
anEM algorithm. Eachregion (“blob”) is thenassociatedvith color andtexture descriptors,
wherethetexturalfeaturegakenin consideratiorarecontrastanisotropy andpolarity. Finally,
the optimal numberof Gaussiarcomponentss automaticallyseleced by meansof the Min-
imum DescriptionLengh (MDL) criterion. Furtherdetailsaboutthe segmenationalgorithm
canbefoundin [1].
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» EDISON (EdgeDetectionandimageSegmentatiONsystem)5]:

This algorithmis basedon the fusion of two basicvision operationsthatis imagesegmen-
tation and edgedetetion, the former basedon global evidence,the latter focusedon local
information. This integrationis realizedby embeddinghe discontinuity(edge)information
into to theregionformationprocessandthenusingagainit to controla post-processingegion
fusion. In particularEDISON combineghe mean shift basedsegmentatior{6] with a gener
alizationof thetraditionalCanry edgedetectionprocedurg3] which employs the confidence
in the presencef anedge[20]. For moredetailsaboutthe EDISONalgorithmsee[5].

4.1.3 Texture mosaicsegmatation results

Two versionsof the proposedseggmentatiormethodweretestedon the dataset,referredto asTFR
and TFR+, which are associatedvith the two definitionsof region gain, seeEqg.8 andEq.12re-
spectvely. The choiceof the settingparameterdor the two implementationsvasthe same. The
numberof partially-defined(color) stateswas 24, that is the CBC/TS-MRF performeda 24-class
color-basedsggmentatiorfor all theimages.The numberwasnot optimizedbut just choseraccord-
ing to the heuristicrule that takesthe doubleof the maximumnumberof expectal texturesin the
image,assuggestetdh Section3.3. Actudly for all theimagesthe numberof texturesis alwaysless
than12, so we assumedhis informationto be known andfixed the parameteto 24. Indeed,we
have run sometestswith differentnumbersof quantzationcolorsandfound only dlightly different
results. The samemaximumnumberof expectedtexturesis alsousedas K in the subsequenk-
mean<lusteringsduringthe SBC step,andsimilar consideationsaboutreliability hold in this case
aswell.

The benchmak datasetis composedof twenty different512 x 512 texture mosacs, ten of
which areshavn in Figures5-14 togetherwith the associatedjround-truthandthe segmentations
performedby the differentmethodsabose mentioned.The numeri@l comparisonaccordingto the
benchmarlcriteria(seeSection4.1.1),is summarizedn Tah1.

Thesystemprovidesacomparisorw.r.t. alargenumberof indicators, someof which areregion-
basedsomeothersarepixel-wiseaccurag indicators,anda few of themgive ameasuref consis
teng. A completedescriptionof all the paraneters aswell asall theresultspresentedhere,canbe
foundonthe systemwebpagd14].

Theinterpretatiorof thenumericakesultsin Tah1 mayappeaambiguousin someregards,since
(of course)no algorithmoutperbrmsuniformly all the others.However it canbe easilyrecognized
thatthe two versionsof TFR seem to outperformthe otheronesin mostof the cases,with TFR+
beinggenerallybetterthan TFR. Indeed the visualinspectionof the differentsggmentationshovn
in Figures5-14 allows an easierinterpretation,shaving clearly the superiorperformance®f the
TFRalgorithms especiallywhenthetexturespresentery low frequeng patternswhichareknown
to bemoredifficult to reveal

The mostevident drawback of the referencemethodsis the tenceng to oversegment,ascan
be deducedby visually inspectingthe segmentationsand confirmedalsoby the over-segmentation
indicatorOS (seeTah1l). At theopposite,TFR hasaslighttendeng to undersegment,U.S = 23.99
(seeTahl), w.rt. the otherones,while TFR+ hasthe mostbalance behaiour, keepingquite low
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GMRF TFR TFR+

Figure5: Texture mosaicNo.1: data, ground-truth and several segmentations.
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Ground-truth JSEG

Blobworld EDISON AR3D

GMRF TFR TFR+

Figure6: Texture mosaicNo.2: data, ground-truth and several segmentations.
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T
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)

Texture mosaic Ground-truth JSEG
Blobworld EDISON AR3D

TFR

Figure 7: Texture mosaicNo.3: data, ground-truth and several segmentations.

GMRF TFR+
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§ =

Texture mosaic Ground-truth JSEG

Blobworld EDISON AR3D

GMRF TFR TFR+

Figure 8: Texture mosaicNo.4: data, ground-truth and several segmentations.

RRNn°6 0 6 6



30 Scarpa & Haindl & Zerubia

Ground-truth JSEG

Blobworld EDISON 7 AR3D

GMRF TFR TFR+

Figure9: Texture mosaicNo.12: data, ground-truth and several segmentations.
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Ground-truth JSEG

Blobworld EDISON AR3D

GMRF TFR TFR+

Figure 10: Texture mosaicNo.14: data, ground-truth and several segmentations.
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Ground-truth v JSEG

Blobworld ~ EDISON AR3D

GMRF TFR TFR+

Figure11: Texture mosaicNo.15: data, ground-truth and several segmentations.
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eture mosaic Ground-truth JSEG

h

Blobworld EDISON

GMRF TER TFR+

Figure12: Texture mosaicNo0.18: data, ground-truth and several segmentations.
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Texture mosaic Ground-truth JSEG

Blobworld EDISON AR3D

TFR

Figure 13: Texture mosaicNo.19: data, ground-truth and several segmentations.

GMRF TFR+
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Texture mosaic Ground-truth JSEG

Blobworld EDISON AR3D

GMRF TFR TFR+

Figure 14: Texture mosaicNo.20: data, ground-truth and several segmentations.
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Benchmark- Colour

TFR+ TFR AR3D GMRF JSEG Blobworld| EDISON
T CS 51.25 46.13 37.42 31.93 27.47 21.01 12.68
| OS 5.84 2.37 59.53 53.27 38.62 7.33 86.91
| US 7.16 23.99 8.86 11.24 5.04 9.30 0.00
| ME 31.64 26.70 12.54 14.97 35.00 59.55 2.48
1 NE 31.38 25.23 13.14 16.91 35.50 61.68 4.68
1 O 23.60 27.00 35.19 36.49 38.19 43.96 68.45
| C 22.42 26.47 11.85 12.18 13.35 31.38 0.86
T CA 67.45 61.32 59.46 57.91 55.29 46.23 31.19
T CO 76.40 73.00 64.81 63.51 61.81 56.04 31.55
T CC 81.12 68.91 91.79 89.26 87.70 73.62 98.09
! L 23.60 27.00 35.19 36.49 38.19 43.96 68.45
LI 4.09 8.56 3.39 3.14 3.66 6.72 0.24
T EA 75.80 68.62 69.60 68.41 66.74 58.37 41.29
T MS 65.19 59.76 58.89 57.42 55.14 40.36 31.13
| RM 6.87 7.57 4.66 4.56 4.62 7.52 3.09
T Cl 77.21 69.73 73.15 71.80 70.27 61.31 50.29
| GCE 20.35 15.52 12.13 16.03 18.45 31.16 3.55
| LCE 14.36 12.03 6.69 7.31 11.64 23.19 3.44

Table 1: Prague texture segmentationbenchmark results. Up arrows indicate that larger
valuesof the parameters are better; down arr ows, the opposite. Bold humbers indicate the
bestonedependingon the criterion.
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Figure 15: Over- and under-segmentationw.r.t. the parameter k € [0.5, 1], for TFR and TFR +.
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Figure 16: Missedand noisew.r.t. the parameter k € [0.5, 1], for TFR and TFR+.
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Figure 17: correctdetectionw.r.t. the parameter k € [0.5, 1], for TFR and TFR+.
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bothOS andUS. EDISON algorithm always over-segments,meaningthatit is not ableat all to
modelthe macro-tetural features pbviously it is thebestw.r.t. U.S but theworstw.r.t. OS.

Finally, in Figures15-17the behaiour of several accuray indicatorsw.r.t. the parametek €
[0.5,1] (seeSectiond.1.1)is shavn for bothTFRandTFR+.

4.2 Application to remote-sensingmagescovering forestareas

In this sectionan apdication of the proposedmethodon remote-sensinglatais presented.lt is
the caseof high resolution(50cm)aerid imagescovering forestareas, which matchwell with the
proposednodelingsincethey presendifferentrelevanttexture patternsvith acceptabletationarity
Suchimagesarecurtesyof the “FrenchForestinventory” (IFN).

We presenttwo experiments. The former, seeFig.18, refersto an areacomposedf several
classef treesplus no tree landsand shadavs. Sincewe have no ground-tuth relatedto these
data,we build up the latter experimentwherea mosaicimagewasobtainedwhich is composef
four squaresubimagesseeFig.19. Threeof themrepresentlifferentquasistationarytreetextures,
while thelastone (bottomtleft) is amixing of a urbanclassand oneof the other(bottom-right)tree
textures.

We experimentednly the caseof TFR+, sinceit hasbeenshawn to be betterthan TFR in the
previoussecton. Also no comparatie algorithmshave yet beentestedon thesedata,andeventually
we canonly make conjecturegbouttheperformancesf TFR+. A comparisorwith anothemethod
currentlyunderdevelopmentcould be madelater.

The 1024 x 1024 forestimageand the associated-classTFR+’s sgmentationare shavn in
Fig.18. One classrepresentgust the shadavs, oneis associatedvith low vegetation areas,the
remainingthreecorrespondo differenttreepatterns The segmentatbn seemgo be quite promising
accordingto a visual inspection.Indeed,in orderto obtainsuchgoodresult,a slight modification
of the TFR+ algorithmwas necessaryIn fact, the proposedoptimization schemegmeaningboth
TFRandTFR+)aresensitve to the presencef continuougegions,like backgrounctolors,because
thesearetypically large and, hence, work as collectors of otherregions. This becomes critical
problemwhendifferenttextureshave the samebadgroundcolor and sharea long contour where
we canfoundmary of suchregionswhich crosstheborderand,thereforejink thetexturesforcinga
meiging. Unfortunatelythiswasthe caseof theshadev regionspresentn theimage.For thisreason
we decidedto simply detectthe backgroundegions (just the shadavs, in this case)afterthe CBC
step,andignorethemfrom the subsequerdtep(SBC andregion meging).

Instead,in the latter experimentsuchmodificationwas not necessary The resultsare encour
agingin this caseaswell. In particular from the segmentationshavn in Fig.19, we canseethat
the threedifferenttree patternshave beendetectedwith satishctory precision. As for the mixed
urban-treesrea(bottom-left),the urbanelementsare assignedvith a fourth class,while the trees
arelargely assignedvith the correcttreeclass(thatat bottom-right).
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Figure 18: Top: Forestimage, south of Burgundy, France. ©IFN. Bottom: Segmentation
obtained by the TFR+ algorithm (5 classestwo kinds of poplars, oaks,no trees,and shadows).
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Figure 19: Top: Mosaic of different kinds of remotely sensedforest patterns, south of Bur-
gundy ©IFN. Bottom: Segnentation obtained by TFR+ (4 classes).
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5 Conclusion

In this researchreportwe have presentea hierarchicalfinite-statemodelfor texture representation
whichis particularlysuitedfor unsupervisedggmentationasshavn by theresultsthetwo proposed
optimizationschemesTFR and TFR+. Sincethe modelis region-basednddiscrete thefirst step
of the TFR is a color-basedsegmentation realizedby TS-MRF, that providesthe rough discrete
approximationof the original datato be fitted with the texture modelat region level. Thefitting is
then performedin two sequentiakteps,the former (SBC) which focuseson definingindividually
the statesof the model, the latter aimedat relating them hierarchicallyaccordingto the scaleof
the correspoding regionsandtheir mutualspatialinteraction.In particulay in orderto controlthe
bottom-upbuilding of the model structure two differentregion gain parameterfiave beendefinel.

Performanceassessmentf the proposedsegmentatbn algorithmswas achiezed experiment-
ing with the texture mosaicdatasetsprovided by the Prague Texture Segmentation Datagenerator
Benchmark [14] that scoresthe several algorithmswhich make useof its datasetsw.r.t. several
accurag indicators.

Fromboth numeical evidenceandvisualinspecton of the segmentationresults,it appearghat
the two proposedversionsof TFR outperformall the comparatie algorithms. In our opinion, the
betterperformancesrebasicallydueto the factthat mostof the texturesconsideredn the experi-
mentscontainspatialcorrelationsat multiple scalesand,thereforecanonly be capturecby meansof
amultiscalemodelandpossilly working atregion level. All themethodausinga pixel-basedexture
modelingpresenserioudimitationsespeciallywhenthey have to representnacro-tetural features,
whichis the caseof themog of thetexture modelsthatcanbe foundin the currentliterature.

The experimentalresultsalsoshav thatthe latter proposedl' FR version,i.e. the TFR+, which
makesuseof aregion gainthatgeneralizesheotheroneby includinga Kullback-Leiblerdivergence
betweerthespatialdistribution of theregions,clearlyoutperformgheformer. In particulay themain
differences thereductionof the undersegmentatiorphenomenobsenredfor TFR.

Eventually theman adwentagef the proposé soluions (bothTFR andTFR+) canbesumma-
rizedasfollows.

» Scalable Theregion-hierarchicalnderlyingmodelallows to provide the userwith a nested
hierarchicasegmentationwhereeachsinglesegmentatiorcorrespond$o a givenscalewhose
selectioncan beleft to the user From a segmentatiornpoint of view, this meansalsothatthe
clustervalidationproblemis only partially addressedonsistentlywith a multiscaleinterpre-
tationof theimage.

» Robust. Contraryto pixel-basednodels,dueto its region-basedormulation, the proposed
modelis able to represenspatialinteractionsof variable rangewith the samecompleity
order sincethey propagteon aregion-by-region stepratherthanon a pixel-by-pixel one. As
aconsequerethemodeldoesnotrequirethespecificatiorof ary window in orderto focuson
thespatialinteractionrangeof interestand,eventually theresultingalgorithmis ratherrobust.

* Quick. Anotherconsequencef modelingtheimageat a region level is the strongreduction
of computationaload, sincetheimageprocessingnvolvesregions,insteadof pixels whose
numberis muchlower.
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» Blind. The algorithm canbe considereccompletelyunsuperviseaven if a few tuning pa-
rameterscanbe chosenproperlyif sone informationis known. In particular the numberof
segmentggivenby the CBC step,controllingthedegreeof over-seggmentatioratthislevel, can
be relatedto the “expected”numberof classes.The number K of clustersof the k-means
algorithm(at SBClevel) canbe derivedfrom the sameinformationaswell.

Ontheotherhanda few dravbacksof the techniquehave to be mentionedaswell. In particular
thediscriminationof micro-textural featuresavhosespatialrangeapproachethe pixel size presents
thesamdimitations sincetheregion-wisecharacterizationf theimageelementdecomesinreliable
dueto the small size of the regions. Another critical aspectis aboutthe optimization,thatis the
estimatiorof themodelstateswvith correspondingelationshipsin fact,thesimultaneouinteraction
of differentMarkov processegeachoneassociatedvith a spatialdirection),make very difficult the
propagtionof theinter-regioninteractiongduringthemodelfitting of the data. Thatis why we have
proposedhesimple TFR schedulefor preformingthe modeloptimization.

Finally, apartfrom the intrinsic limitations discussedibove, several other weak points of the
algorithmdueto its smpleimplementatiormay certainly beimproved,andthe mostimportantones
arebriefly presentedhere.

Onepoint is aboutthe modelingof the spatialdistribution of the regionsin the evaluationof
the Kullback-Leiblerdivergencein theregion gain. We useda simplenormaldistribution to model
regionswhich, indeed,aretypically collectionsof disjoint subreyions. Thereforea mixture model
seemdo be moresuitedto this purposethana simplenormaldistribution.

Another simple solution which could be replacedby a more effective oneis the k-meansal-
gorithm that is usedat the SBC layer. In particular an importantpeculiaraspectof the needed
clusteringshouldbetakeninto account:in fact,atary split of acolor-state,t is not strictly required
thateachregionis assignedvith a state.Indeed whatis more importantis to form agglomergesof
regions (defininga state)which are quite homogeneousv.r.t. the spatialfeatures,while singlere-
gionswhich do notfit well with arny groupmay be consiceredalone.In the currentimplementation
we simply fix a numberof clustersto be singledout with the k-meansand,for sure,this could be
furtherimprovedwith anad hoc clustering.

Thecolorbasectlusteringmaybeimprovedaswell, by the useof adifferentsplit gainto control
the TS-MRFtreegrowth, suchthatat the endof the fragmentatiorstepthe sizesof the elementary
connectedegions are closer andthis would make more uniform the spatialresolutian of the final
seggmentation.

Anothercritical problemis aboutthe processingf “continuous”connectedegionsthatappear
typically for texturescontainingbackgroundconstant-olors. An exampleis the experimentwith
the forestimageswherethe shadev regionswere quite continuous. We have beenforcedto make
a slight modificationto the TFR algorithmfor this case. To be more precise,continuousregions
areundesirablefor two reasons First, sincethey arelarge they occurtypically rarelyin atexture,
sometimegustonce,andthenarobustensembleharacterizatioeannotbeachieved. Secondwhen
two neighbouringextureshave acommoncolor-statewhich presentsuchcontinuouslementsdue
to theirlargescalethey sene mostlyascollectorsduringtheregion merging, attractingregionsfrom
thetwo differenttextureswhich, eventually resultmergedtogeter. For theforestimageswe have
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detectedheshadov regions(they have thelowestspectratesponse)andthensimply excludedthem
from bottom-upreconstrudgbn step.

Last but not leastconcernis aboutthe capability of the TPMs to charaterize the regionsin
termsof shapeandspatialcontet. In fact,it is easyto seethatthe TPMsgive agooddescriptionof
regionswhich have alinearshapenomatterhow polarizedin thespace As theshapebecomesnore
comple, the TPM characterizatiotbecomesnoreandmoreapproximated. A possiblesolution to

this problemwould be the insertionof a shape-baserkgion decompositiorbetweenthe CBC and
SBClayers.
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