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Modéle MRF structuré a arbr e binair e pour la segmentation
d'images satellitairesmultispectrales

Résumé: Dansce rapport,nousproposonain modéelemarkovien a priori structuréa arbrebinaire

(le TS-MRF) pour la segmentationd'imagessatellitairesmultispectrales. Ce modelepermetde

représenteun champbidimensionnelpar une séquencale champsde Markov binaires,chacun
correspondara un noeuddel'arbre. Pouravoir unebonneclassi cation,on peutadaptete modéle
TS-MRFala structureintrinsequedesdonnéesendé nissantun MRF, a plusieursparamétresyes

e xible. Bien quel'on dé nisse le modeleglobal sur tout I'arbre, I'optimisation et I'estimation

peuent étre poursuvis en considérantin noeuda la fois, a partir de la racinejusqu'auxfeuilles,

avec une réductionsigni cative de la complexité. En effet, on a montréexpérimentalementjue

I'algorithme global estbeaucoulus rapidequ'un algorithmecornventionnelfondé sur le modéle
markovien d'lsing, en particulierquandle nombredesbandesspectralegsttrésgrand. Gracea la

procéduread'optimisationséquentiellece modelepermetausside détermineile nombredesclasses
présenteslanslimage satellitaire,dansle cadred'une classi cation non superviséea traversune

conditiond'arrét dé nie localementpour chaquenoeud. Nous avons effectuédesexpériencesur

uneimageSPO dela baiede Lannion, pourlaguellenousdisposongi'une vérité terrain,et nous
avonstrouvé que le modeéleproposéfournit de meilleursrésultatsque certainsautresmodeélesde

Markov et qued'autresméthodewariationnelles.

Mots-clés: Classi cationd'image,segmentatiororientéeaux objets,estimationBayesiennemo-
délehiérarchiguechampsde Markov.
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1 Intr oduction

1.1 Multispectral image segmentation

Segmentationis a low-level processingusefulfor mary high-level algorithmsandapplicationsin
the context of remotesensingmedicalimaging,video codingandsoon. Its goalis to partitionthe
imagein homogeneougegionsaccordingto a givensetof featuresof interest. A notableexample
of the useof segmentatiorin theremotesensingeld is classi cation,ataskwhosegoalis to label
eachsite of the sceneasbelongingto oneof severalknown classeg24, 29]. Fromanalgorithmic
point of view, segmentationand classi cation can often be consideredasthe sametask,i.e. the
outputof theformeris directly usedasaclassi cationmap,althoughthelatteradmitsanhigherlevel
interpretationThisis thecasefor example whenthespectratresponsesf theclasseso bedetected
areknown apriori, andsuchinformationis takeninto accounin the segmentatioralgorithm,which
is necessarilyparametric. In this case,the sggmentationis said to be supervised since several
parametersaswell asthe numberof classesare known a priori, avoiding the needof estimating
them. On the contrary whenno prior informationon the classess available,the sggmentationis
saidto beunsupervisednd,if oneresortgo the sameparametri@lgorithms,t becomesnuchmore
comple, involving the estimationof boththe numberof classegclustervalidationproblen) [1, 13]
andthe correspondindgeatures like meanand covarianceof the classeq10, 35. Indeed,when
no informationis given, the very conceptof a classor segmentis not obviously de ned and,asa
consequencelusteridenti cation is anill-posedproblem. Eventually to regularizeandsolve this
problem,several constraintshasedn spatial,spectralor entrofy propertiesmustbede ned.

In this work, both the supervisecand unsupervised¢asesare considered.In the rst casethe
experimentsarecarriedouton a SPOr satelliteimageof LannionBay acquiredduring the summer
1997,coupledwith the ground-truthof two samplesetsof the scenedetectedby a humanoperator
onsite: theformer(learningset)usedto estimatehe classparameterghelatter (testset)to evaluate
thealgorithmperformanceén termsof a correctclassi cationpercentage.

Unsupervisedsggmentationis also addressedhanksto the peculiarstructureof the proposed
model,which allows to de ne a simpleclustervalidationcriterion,andexperimentsareprovidedon
real-world hyperspectradlataacquiredby the GER (GeophysicaEnvironmentalResearchairborne
sensorwhich portraysanagriculturalareain Germalty neartheriver Rhein.

1.2 Statistical approach

In the statisticalframenork, the segmentationproblemis approachedby choosingan ad hoc prob-
abilistic modelto t the dataandthe unknovn segmentatiormap. In the basicformulationt, mul-
tispectralimage dataare representedby a continuousvectorial2-D eld , With

, where is asite of thelattice , and is the numberof the bands. The dataarethen
assumedo be arealizationof arandomeld  whoseprobability distribution is 2. Likewise,

1in thiscontext thedataareconsideredsraw, withoutary processingr transformationandthesegmentatioris similarly
representeds2-D mapalthoughotherpointsof view couldbeassumede.g., contourset).

2Wheneer unambiguouswe will indicatethe probabilitylaw associateavith ~ simply as , to bemeantaseithera
densityor a distribution functiondependingn the case.

INRIA
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theunknonvn sggmentatiormap (where isthe
labelsetorderedonly for notationalcorvenienceand  is thenumberof theclassesjs arealization
of adiscretescalar2-D randomeld  with distribution

Giventhe probabilisticmodel,one canresortto a suitableestimationcriterion (MAP, MMSE,
ML, MPM, etc.) to minimize the meanof a selectedccostfunction. One of the mostpopularis the
MaximumA Posteriori (MAP) criterion whoserelatedcostfunctionis 0 if no errorsoccur, and1
otherwise,irrespectve of the numberof errors. In the contet of classi cationit is more corve-
nient, to usea costfunction which countsthe numberof misclassi edpixels. Minimizing sucha
function leadsto the MaximumPosterior Marginal (MPM) criterion which, however, is very hard
to implementbecausef the compleity involvedin computingthe posteriormamginal, unlessthe
modelhasa speci ¢ form [6]. For this reasonthe MAP criterionis muchmorefrequentlyusedin
imagesggmentation.The MAP estimatoris de ned as

)

wherethe secondequality comesfrom the Bayesformula oncedeletedthe irrelevant term
Whenno a priori model is assumedwhich is equivalentto have a uniform a priori distribu-
tion, the maximizationinvolvesonly , leadingto thewell known MaximumLikelihood (ML)
estimator In this case thelikelihoodterm is usuallyassumedo be spatiallyindependent,
meaningthat eachsite is independenfrom eachother, with a Gaussiarlocal conditionaldensity
whoseparametersreclass-dependerihatis

)

and

- @)

where and arethemeanandthecovariancematrix of class respectiely.

Underthe mentionechypothesesthanksto the factorizationoptimizationcanbe pursuedsep-
aratelyfor each , considerablyreducingthe computationaburden. However, whenthe dataare
noisy, ML seggmentationproves often unsatiséctory having neglectedary helpful contextual in-
formation, like the spatialcorrelation. To obtainacceptablaesults,one cannotrely solely on the
obseneddata,but musttake advantageof all availableprior informationabouttheimageor classof
imagesunderanalysis.

The Markov random eld (MRF) modelling[2, 18, 25, 34] is arelatively simple,yet effective,
toolto encompasprior knowledgein thesegmentatiorprocessandin facttheintereston MRFshas
beensteadilygrowing in recentyears.Whenimagesegmentations formulatedasa Bayesianesti-
mationproblem,all prior informationavailableontheimage to besegmentedmustbe contained
in its probabilitydistribution . By modellingthesggmentatiormapasa MRF, i.e., assuminghat
eachgivenpixel  dependstatisticallyon therestof theimageonly througha selectedyroupof
neighbors , onesimpli es thedif cult problemof assigningaprior: oneneednly specifythe
local characteristicef theimage . Whatis moreimportant,local dependenciesanbe
convenientlyexpressedhroughthede nition of suitablepotentialfunctionsin a Gibbsdistribution.

RR n°5062
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(b)
Figurel: Syntheticexperiment:(a) noisy data;(b) hiddensegmentationrmap; (c) segmentatiorby
Ising model.

1.3 Discussionon the proposedMRF model
In the MRF framework, a numberof problemsemainopen the mostimportantbeing:

1. how to de ne aMRF (throughits potentialsthatis ableto take into accountprior information
while remainingmathematicallyandnumericallymanageable;

2. how to set/estimatéhe numericalparametersf suchan MRF;
3. how to solvethe MAP estimationproblemwith reasonableomputationatompleity.

The rst problemis certainlythe mostintriguing, asit amountso de ning anabstracstructure
of theimagethat ts well theobseneddata.Onecouldbetemptedo de ne sophisticatednodels,n
orderto capturethe complex natureof imagedependencieddowever, modelde nition cannotover
look the estimationproblems(2) and(3). In fact, by increasinghe modelcompleity oneendsup
with alarge numberof parametershatcannotbe reliably estimatedandevenneglectingthis prob-
lem, the subsequenbptimizationtaskcould be so computationallydemandingasto forbid the use
of reliableproceduresleadingto disappointingesults.Indeed,computationatomplexity remains
amajorweaknes®f the MAP/MRF approachandin developinga real-world MRF-basedsegmen-
tation algorithmall efforts shouldbe madeto keepit undercontrol, without sacri cing delity of
description.

As is well known, oneof the main problemsin theimagerepresentatiois to take into account
the spatial variation of the statistics. Let's considerfor examplethe imagein Fig.1, wherethe
data(a) were generatedadding Gaussiamoiseto the syntheticimage (b) which is supposedo
be the unknovn sggmentationmap. As can be seen,following for examplethe tracedline, the
classrandomprocessds clearly non-stationary The well known Ising model[2], aswell asmore
recenthierarchicaMRFs[3, 7, 21, 23, 26], do not take into accountthesespatialvariationand,as
a consequencagivespoor resultsin the presencef such“structured”’data. This is clearly shovn
in the exampleof Fig.1(c)wherea sggmentatiormapis achievedwith a secondorderlsing model.

INRIA
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b wg

g w

Figure 2: Tree structureof the datain Fig.1. b, black class;g, grey class;w, white class;wg,
white-grey memging class.

This happendecausen the prior modelthereis only one parameteto enforceregularity, whose
valuedependsieitheron the spatialpositionnor onthe classesAs a consequenceneclassis well
detectedvhile the othertwo arealmosteverywheremixedbecaus®f anoverregularization.

The exampleshawn, althoughnot realistic, makesclearthe needto usea structuredmodel. In
factit is very easyto detectheintrinsic structureof thedata(seerFig.2),whichis well representetly
abinarytreeof classesindeed mostrealimagespresent similar hierarchicaktructuresvenif it is
notalwayssoevidentandeasyto detect.Theaim of theproposednodelis justto nd andrepresent
thehiddenhierarchyof thedataby atree-structued MRF (TS-MRF),which canbe seenasa union
of severalbinaryMRFseachcorrespondingo anodein thetree.In suchastructurejocal parameters
canbede ned soasto correctlysplit theclasseslependingnly ontheir statisticakcharacteristicsin
addition,thanksto its nestedorm, the TS-MRFmodelallows for recursve proceduresf estimation
andoptimization,which helpreducingcomputationatomplexity.

RR n°5062
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2 MRF modelsfor image segmentation
2.1 MRF de nition

As wassaidbefore by usinga MRF to modelthe prior probability oneobtainstheaposteriori
modelwhich allows to exploit contextual information,andeventuallyto estimatethe sggmentation
mapaccordingto a MAP criterion(1).

Arandomeld denedonalattice is saidto beaMRF with respecto the neighborhood
system if the Markovian propertyholdstrue for eachsite , namely is
conditionallyindependentf therestof theimagegiventherealizationonaneighborhood  of

(4)

Quite often, in orderto limit complexity, only the 4 or 8 closestpixels (system and |, respec-
tively) areincludedin a pixel's neighborhoodseeFig.3). Even so, the MRF modelprovesquite
powerful becausenostof thedependenciesanbe capturedhroughlocalinteractions.

WhatmakesMRFs especiallyattractie is the Hammerslg-Clifford theorem34] which proves
thatary positve MRF hasa Gibbsprobabilitylaw

- - (5)

wherethe functionsare calledpotentials, denotegheenegy, and is justanormaliz-
ing constant.In (5) indicatesa clique of theimage,which is a setof sitesthatareall neighbors
of oneanother Note that eachpotential  dependnly on the valuestaken on the clique sites

and, therefore,accountsonly for local interactions.As a consequencdgcal de-
pendenciesn  canbeeasilymodeledby de ning suitablepotentials , asshavn for example
in [34]. With the MRF-Gibbsequivalencethe modelselectionproblemamountgo choosinga suit-
ableneighborhoodystemandsuitablepotentialsso asto expressthe desiredspatialdependencies.
A numberof modelshave beenproposedn the literaturefor variousapplicationsandwe refer the
readerto [25, 34] for acomprehensiereview.

2.2 Thelsing model

Thelsing MRF modelis oneof the mostwidespreadbecaus®f its very manageabléorm [2]. It can
bede nedbothon and , butin thelattercaseonly two-sitecliquesaretakeninto account.For
eachcliquea potentialis de ned as
if
otherwise

(6)
Single-sitecliquesare not usedbecauseghereis no reasorto favor a label over anotherandlarger

cliguesarengglectedto speed-upprocessing Oncegiventhe potentialfunctions,the global distri-
bution is completelyde ned, andthelocal characteristics canbeexpressed18] as

(@)

INRIA
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u u u @u

Figure 3: Pixel and its neighbors in the  (left) and  (right) system. In the  system
diagonal two-site cliqgues can be used (neglecting more complex cliques for ~ which are
often dropped in practical models).

where () isthenumberof neighborsof with label (differentfrom ).

With this model, the vectorof parameters associatedvith the prior model reducedo a
single parameter , interpretedas an “edge-penalty”. In fact, when all realizations
areequally likely, whereadarger valuesof tendto penalizenon-homogeneousliquesmaking
smootherealizationsmoreandmorelikely. Of course, is notknown a priori, andmustbe esti-
matedtogethemith

2.3 Optimization

Assumingthatonehasbeenableto selecta satishctorymodelfor the prior distribution, the prob-
lem remainsof maximizing over , whichis whencomputationatompleity becomes
dominantconcern.lt canbe showvn that is itself a Gibbsdistribution, andits maximiza-
tion canbe carriedout via the simulatedannealing(SA) technique[18], but only underconditions
(a very slow cooling schedule}hatmake it unfeasiblein practice. Using a fasterschedulepn the
otherhand,compromise$Asoptimality. Gradient-basedlgorithmstendto remaintrappedn local
optimaastheobjective functionis in generahon-corvex. Thisis the caseof theiteratedconditional
modesICM) algorithm[34], structurallysimilar to the SA but muchfasterwhichis why it is often
thealgorithmof choice.Evenresortingto theICM, andhencerenouncingglobaloptimality, compu-
tationalcompleity remainghemajorbottleneclof MRF-basedegmentationandthe problemonly
worsensvhenthereis no a-priori knowledgeontheimage,namelyin unsupervisedeggmentation.

2.4 Estimation

Quiteoften,indeed,anumberof importantparametersuchasthenumber of labels/classes the
image the parametersf thelikelihoodterm , andthe parametersf the Gibbsprior ,are

RR n°5062
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notknown, andmustbe estimatedrom the datatogethemith the sggmentation itself. Thesingle
mostcritical parameters by farthenumberof classes , sinceit in uencesheaily all otheraspects
of sggmentation.

The problemof determiningthe numberof classesn a dataset,or clustervalidationproblem,
hasreceved a greatdeal of attentionin the literature[13], with mixed and inconclusve results.
As a matterof fact,in areal-world image,the numberof differentsegmentsthatcanbe identi ed
varieswildly accordingo theusers point of view. In aremote-sensingnage,for example,asingle
segmentlabeledas “urban area”in oneapplication,could be further partitionedinto smallersey-
mentsin anotherapplication.In the absencef prior informationon the application,both solutions
are equally reasonableand both shouldbe preseredto let a humaninterpreterhave a nal say
Although someefcient stratgies have beenproposedo addresghe clustervalidation problem,
especiallyin the contet of split-and-mege approacheghisis still oneof the mainreasondor the
increasdén compleity goingfrom supervisedo unsupervisedegmentation.

Anotherreasonis the needto estimate togetherwith the segmentationthe parameter®f the
involveddistributions,collectively representetly arandomvector

(8)

Sinceexact joint optimizationis computationallyintractable,a two-stepprocedureis often used.
First, the model parametersre estimatedrom the obsened data, following for examplean ML
approachthenthe MAP segmentationis carriedout in a secondstepusingthe estimatecpbarameter
values.A numberof techniquesanbe usedto performthe ML parameteestimation,suchasthe
EM algorithm and its numerousvariants,or the similar but more generallCE [31]. Exceptfor
somesimple caseshowever, thesealgorithmsdo not have an analyticalclosedform, andare quite
computationallyexpensve. For this reason,we will resortto the suboptimal,but much simpler
alternatingmauginal optimization( and are alternatelyoptimizedgiven eachother)which can
be viewed as an approximationof the two stepEM-approachand hasbeenobsenedto provide
comparableesultsin variouspracticalsituationg27].

INRIA
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3 Tree-structured MRF model

Thealgorithmdiscussethere andproposedn its basicformin [28], is basedntherecursve binary
segmentationof imageregions. As discussedn Sectionl.3, commonlyusedMRF modelsimpose
someconstraintson the clique's potentialfunctionsin orderto reducethe numberof parameters
involvedin the model. Let us consideyin particulay the Ising model,wherethe potentialfunction
of atwo-siteclique depend®nly onthepresencer absencef anedge(a classtransition),without
regardto involved classes.As a consequencene parametelis sufcient to de ne the model. If
we remove sucha constraintandusea differentpotentialfunctionfor eachdifferentpair of classes,
a muchlarger numberof parameterbecomesecessary- where is the numberof
classeslin this generalizedsing model,thelocal characteristicsvill become

- ©)
where , , is the edge-penaltyparameterfor a transition ,and is againa
normalizingconstant Accordingly, theclique potentialswill bede ned as

if (10)

otherwise

Starting from this very generalmodel, it is possibleto reducethe numberof parameterdy
takinginto accountsomeclassproperties.Looking at the exampleof Fig.1,it is easyto realizethat
thewhite (w) andgray (g) classeshave the samerelationshipwith the black class(b), thatis, ab-w
edgeis statisticallyequivalentto a b-g edge.Therefore pnly two independenparametershouldbe
usedinsteadof three. Suchclasspropertiescanbe easilyrepresentethy meansof a hiddenbinary
structuré (seeFig.2). In the exampleconsideredthe two relevant parametersire associateavith
thetwo internalnodesof thetree. Theformer, associatedvith theroot, controlsthe edgesh-w and
b-g (which areassumedo be equivalent),while the latter, associatedavith the otherinternalnode,
controlsthe edgesw-g. In otherwords,at theroot level, whereb is split from w andg, it doesnot
matterif asiteis labeledasw or g, but only if it fallsinto the macro-classvg (merging of w andg).

In general,givena binary structurewith  terminalnodes the numberof internalnodes,and
hencethe numberof parameterswill be , ratherthan - . More in generaleven
consideringnon-isotropicmodelsand/ormore sophisticatedtligues,one getsthe sameparameter
reductionratio ( ) betweena completeunconstrainednodelandthe “tree-structured’tlual one.
Looking atthe estimationproblem,if the datacanbewell representedby this kind of structurethe
informationavailableto estimatsts few parametersvill increaseresultingin betterestimates.

3.1 Theoretical tr ee-structured MRF

Letus rst de ne atheoreticatree-structureRF model,andlaterthe modelthathasbeenactually
implemented.To this end,let us considera binarytree , identi ed by its nodesandtheir mutual

3A moregeneralree-structureanalsobe de®ned but we considernly binarytreesherefor the sale of simplicity.

RR n°5062
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Figure4: Treeindexing.

relationships Exceptfor theroot, eachnode hasoneparent , andeachinternalnodehastwo

children and , with . We alsode ne ,
thesetof terminalnodesor leaves,and , thesetof internalnodes.

We will useintegernumbergo index the nodesof thetree,aswell asall itemsassociateavith
them,sothatroot and (seeFig.4). Notethateachterminal

nodecorrespondso a class, Whlle eachinternalnodecorrespondso both a memging classandan
edge-penaltyparameter In orderto de ne the modelit is helpful to usethe binary representation

of the indexing integers. Let be the function that corvertsa non negative integer to
its correspondingvariable-lengthbinary code , Whereall leadingzerosare discarded(see
the balancedreeof Fig.4),andlet bethecorrespondindength. Let usalsode ne the function
which returnsthe longestcommonpre x of and . It's easyto checkthat

givesthenearestommonancestonodeof and .
We now de ne atree-structuredRF throughits local characteristicsstill expressedy (9), but

with theadditional- constraints

(11)
for and suchthat

(12)
with , ,

Reoganizingthe termsin (9) we canexplicit the local characteristicsvith respecto the non-
redundanparameteset — asfollows:

- - (13)

with . Here,when correspondgo an internalnode, meansthat
belongsto oneof the descendantlasseof , and  is the numberof neighboursof  which

INRIA
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belongto oneof suchclassesFor example,with referencdo Fig.2,we have

- (14)
Thecliguepotentialsareexpressedy
if
otherwise (15)
Now we de ne thefunction which givesthenumberof cliquesin themap with edge-penalty
. With this position,thejoint probability of the TS-MRFbecomesimply
- (16)

Thecompleity of thismodelcouldstill seemprohibitivefor apracticalimplementatiorbecause
of the dimensionalityof the parametespace dependenbn the numberof classesthatmakesvery
hardthe optimization. However, thanksto the structuralconstraintsof the model,a recursie opti-
mization procedurecanbe usedwhich, althoughsub-optimal,involvesonly one edge-penaltyat a
time.

3.2 Recursie propertiesof TS-MRFs and optimization
Letusconsiderfor eachnode of atree
* asetof sites , correspondingo a segmentof theimage(in particular );

» abinaryrandomeld , with realization where

Now we imposethe additional constraintthat the set of sitesassociatedvith ary given nodeis
obtainedfrom the binary segmentationof the parentsetof sites. More formally, for eachinternal
nodeof thetree

17)
Therefore thetree-structuredMRF  is completelygivenby the setof binary elds —and
vice-vesag, thatis

(18)
Let usde ne, now, - isapre x of , the setof the ancestonodes
of ,and , the setof the ancestorelds of (of course, ).
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Obsenrethat,exceptfor , eacheld depend®ntheancestorelds , in particular the
very samedomainof  is x edoncetheancestorelds arespeci ed. Onthe otherhand,givena
realization —, the number of cliqueswith edge-penalty dependonly
on and,for theabove considerationspn , while it is independentf othercomponenbinary
elds. As aconsequencéhejoint probabilityof theoverall eld (16) becomes

- (19)

— (20)

It is alsoeasyto prove that, for eachnodein thetree,given  and , thesetof elds which
lie ontheleft sub-treestemmingfrom is independentrom the setof elds whichlie ontheright
sub-tree As anexample for thestructuren Fig.4we canwrite

(21)

(22)

(23)

— (24)
(25)

whichprovestheindependencdn asimilarway, it canbeprovedthat
andsoon. More in generalthanksto the above property by a recursve useof the Bayestheorem
we have

(26)

Note also that, given the ancestor eld , the eld built on the sub-treewith root in ,

, is still a TS-MRF (24); this propertyholdsfor eachinternalnode aswell. As a

consequencaiven , theterminalbinary elds (associatedvith terminalsplits) arelsing
MRFs, thatis

(27)
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Thispropertydoesnotholdfor non-terminabinary elds, becausen thiscasethepartitionfunction
isitself afunctionof . For examplewe have

(28)

— (29)

(30)

In otherwords, not all the termsof (26) are Ising distributions, as one could believe for the
similarity between(20) and(26). Nonethelessin orderto nd a MAP estimateof a sggmentation
with TS-MRF prior probability, onecanrecursvely maximizethe termsin (20), togetherwith the
likelihood parts, startingfrom the root and descendinghe tree until all leavesarereached.Each
termdepend®nly onabinary eld onceits ancestorelds aregivenand,also,it doeshave
anlsingform. As aconsequenceachonecanbe maximizedjustlikewith anordinarylsing MRF,
by usingsimulatedannealing)CM, etc. Note,again,thatin the stepcorrespondingo node , only
theparameter mustbeestimatedandthat is asufcient statisticfor . Thereforewhenthe
prior parametersre unknovn, estimation-maximizatioprocedureganbe usedagainfollowing a
recursve schedule.

Finally, we underlinethateachbinary eld , exceptfor theroot eld, makessenseonly once
therealization of its ancestorelds aregiven,sinceit is de ned on anirregular (thatis, non-
rectangularjatticewhoseshapes aresultof

3.3 Model extension

To build the TS-MRF modelwe startedfrom the Ising model,generalizedt, and nally introduced
somestructuralconstraints. More generally one can startfrom any MRF model whoseenegy
functiondependdinearly on the parametewector, sothatits distribution canbe expresseas

- (31)

where indicateghescalamproduct, istheparametevectorfor node , and
is avectorfunctionwhichdepend®nly on  and,of coursejts ancestorelds

In orderto getsuchanexpressiongachclique potentialmustbe a function of two labels(which
arerelatedin sameway by the x ed hierarchicalstructure). Therefore,if cliqueswith morethan
two sitesare consideredsucha conditioncannotbe satis ed. However, if all clique potentialsare
linearcombinationsof termsthatdependeachon a coupleof labels,thenthemodelis still valid for
tree-structure@xtension.

Giventhe above considerationwe canpoint out thatthe TS-MRF modelis quite generaland

e xible, allowing to usehigh-ordercliques(e.g.,the Chienmodel[11, 12]), for a speci ¢ coupleof
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classeswhile all the othercouplesaredescribedy muchsimplercliques.This couldbe useful,for
example whentwo classesrehighly correlatecandvery hardto divide. In suchacaseonly anhigh-
orderinteractionMRF modelcanprovide goodresults but sucha modelwould be computationally
intractablevhende ned onthewholeimageandfor all the classesnto it. Onthe contrary we can
usesuchmodelonly for aterminalsplit of anad hoc TS-MRF (the split of thetwo highly correlated
classes)By doingso, therecursve optimizationof the TS-MRFwill have areduceccomputational
burdenon almostall the treeexceptfor thelimited region wherethe complex modelis used.

3.4 Adaptivelsing model

We presennhow a MRF model,referredhereas“adaptie” Ising, which provedto be usefulasbasic
componenfor atree-structurethodel,especiallyin the presencef low resolutiondata.Bothin the
TS-MRFcaseandthe at-MRF caseduringthesegmentatiorprocesseveralregion boundariesare
“fragmented”,namely therearemary boundarypixelswhich areassociatedvith noneof the adja-
centregionsbut have a differentlabel attached.Quite often this phenomenomloesnot correspond
to a groundtruth, namely thereis no actual“third” region betweenthe two neighboringregions.
Instead,it is likely dueto the nite resolutionof the sensomwhich, in boundarycells, happento
integratecontributionsfrom severalland covers,creatinga spectralresponsdhatis quite different
from thoseof theadjacentegions. Thereforejn boundarycells,obseneddataarenotvery reliable.

In abinarysplit, the pixel is attributedto oneof thetwo adjacentegions,but whenthis regionis
furthersplit, verylikely this “uncertain”pixel will beerroneouslylassi ed. Fig.5clari es thispoint
by shawving how fragmentatiorarisesin a smallregion selectedrom alargerimage. The rst split
separatethebrightregion on theleft from the darkregion on theright: someboundarypixelswith
intermediatecharacteristicareclassi ed asdark. The secondsplit operatesn the darkregion and
furtherdividesit: atthispoint, becausef theirmixednature someof theformerboundarypixelsare
now attributedto thewrong subreion. Obviously, this makesmuchlesssenseghanchoosingeither
oneof the neighboringregionsandshouldbe avoidedunlessthe datagive a clearindication. In the
selectedexample, the sggmentationmap shows that along the boundarybetweenthe two regions
therearepixelswrongly classi ed asbelongingto otherclasses.

It is clearthatthe databy their very naturetendto causesuchwrong segmentationsiearregion
boundariesandin factthis phenomenoarisegustaswell when at MRF modelsareused.In addi-
tion, prior informationdoesnot help correctlyresolvingsuchties, becausehe mixed neighborhood
givesfuzzy indications.However, whenatree-structuredegmentationis used,asimple x is avail-
ableto make betteruseof contextualinformation[15]. In sucha solution,theweightof the context
versusthe likelihood (dataattachmentyariesspatially by varying the edge-penalty which con-
trols the prior distribution. In particular a parameter , estimatedvith classicalapproachess used
almosteverywhereexcepton the cliqueswhich areneighboursof boundariexomingfrom ancestor
splits,wherea largerparameteis usedaccordingo areasonabl@euristic(see[15] for details).
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Figure 5: Boundary pixels between two regions often have mixed features (a); they can
belong to either one of the neighboring regions (b), but in subsequent splits can be erro-
neously associated with a “third” class (c).
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4 Supewisedsegmentationof SPOI multispectral images

4.1 The posterior model

The previoussectiondealswith the prior probabilisticmodelusefulfor contextualimagesegmenta-
tion, andin particularwe introducedhe TS-MRF modelanddiscussedts properties Now we look

at the joint distribution to maximizein orderto getthe MAP estimateof the sgmentation
(1), thusincludingthelik elihoodterm . It is easyto provethatthisis still anMRF distribution,
approximatvely of thesamekind of . In particular they differ only for theintroductionof unary

cliquesin theposteriormodel,which takesinto accounthelik elihoodprobability. In fact,using(2)
and(3) we get

- (32)
- (33)

_ (34)

wherewe de ned theunaryclique potentialfunctions'
- - (35)

Therefore for eachMRF prior , with cligueset andpotentialfunction , We canexpress
the posteriordistribution as

(36)

— (37)

— (38)

where and arepotentialfunctionsequalto or if isacliqueof ora
singlepixel respectiely.
Letusnow consideithe TS-MRFcaseandin particularthebinary eld associateavith node

. Let bethe setof datawhoselabelsbelongto somedescendant
classof , which is known given . As we saidbefore,each  canbe consideredasa binary
“We neglectedthe dependencef from sincethedata aregiven,i.e. constanin theproblem.
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Ising eld in orderto implementherecursve maximizationprocedurelndeedwe haveto consider
aposteriordistribution written as

(39)

Here, the likelihoodterm needsto be betterde ned. In fact, sincethe descendant
elds of node areunknown for thetime being,we areonly deciding,for eachsite,if it belongsto
someof theleft or right descendantlasseswithout exactly specifyingwhich one. Therefore we
don't know which normaldistributionsto useto carry outthetest.

To solvethis problem we proposdwo stratejies. The rst one,betterdescribedn section5, and
usefulfor unsupervisedggmentationmakesuseof anauxiliary normaldistributionfor eachinternal
nodecorrespondindo a “template” classseenasthe memging of more classes.This is necessary
becausein the unsupervised S-MRF algorithm[17], neitherthe treestructurenor the classesre
known in advance;theseare provided automaticallyby the recursve tree growth procedurewhich
is basedon statisticaltests,local to eachnode, that indicateswhetherthe classmust be further
split or not. The secondstratayy, that we are going to describehere,is a more naturalsolution
in the superviseccase. Nonethelessit canbe easily generalizedas well for usein unsupervised
segmentation.

Let us considerthe left, , andright, , childrenof aninternalnode , andde ne

isapre x of , the setof the descendanieavesof . Now we cande ne the
likelihoodtermsof (39) as

(40)

where and arethe normaldensitiesgivenin (3). In otherwords,
to decideif the currentsite shouldbe assignedo the left or right node, the besttwo Gaussian
distributions correspondingo “true” classesare consideredpnebeingthe mostlikely in ,
theotherin . Thisway to proceedmeanghatthetree-structurénvolvesonly the prior MRF
modelwhile no structuralconstraintaretransferrecdn thelik elihoodterm

Notethatthebest tting Gaussiarchosermatthis pointis only atemporarychoice,takento well
t thedataduringthis intermediatesplit, but furthersplits canchangesuchdecisionbasedn newly
availablecontectual information.

4.2 SPOT imageof Lannion Bay

The supervisedlT S-MRF algorithm was appliedto SPO satelliteimages. The scene(Fig.6) is
composedf three imageswith differentwavelengthsin the visible spectrumand
representtheBay of Lannionin Francen August1997.Thegoalof this studywasto determinghe
land cover of this area.Soasto reachthis aim, the geographersf the Costellaboratory(University
of Renne<) built alist of eight classi cationcateyories: seaandwater sandandbaresoil, urban
areasforestsandheath temporarymeadavs, permanenmeadavs, vegetablescorn.
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ChannelXS1

ChannelXS2

ChannelXS3

Figure6: SPO" multispectraimageof LannionBay (1480x 1024). August15,1997.

(a) Learningset

(b) Testset

Seaandwater
Sandandbaresoils
UrbanAreas
Forestsandheath
Temporarymeadaevs
Permanenmeadavs
Vegetables

Corn
(c) Classes

Figure7: Ground-truth.Trainingset(a), validationset(b) andclassegc).
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Thanksto bothtestson thelandandphotointerpretationthey werealsoableto provide samples
of theseeightcategoriesonthemultispectralSPOr imageof thescene Someof them(learningtest)
wereusedto learnthemeanspectrarespons@andtheinter-bandcovariancematrix of eachcategory,
sothatwe couldperformsupervisealassi cations while theremainingsamplegtestset)werekept
to assessheaccuray of theclassi cations(seeFig.7).

4.3 Accuracy assessmenmethod

By theuseof thetestset,theaccurag of eachclassi cationmethods assesselbasednits confusion
matrix. Recallthattheentryof throw and th columnof this matrixis the numberof samplepixels
from th classthathave beenclassi edasbelongingto the th class.

Variousindicatorsare derived from this matrix. First, two errorassessmentsanbe computed
for eachclass:Theusersaccurag of class isde nedas ,where isthe throw mamginal
(sumof row entries);corversely the producers accurag of this classis de ned as , Where

isthe th columnmamginal.

Besidethesetwo class-basedarameterghreeglobalquality indicatorsarealsocomputed.The

overallaccurayg of themethodde ned as , isthepercentagef samplepixelsthatare
well classi ed. Basedon the confusionmatrix, anotherindicatoris the so-calledKappaparameter
whichis de ned as . Finally, it might beadwan-

tageoudo normalizethe confusionmatrix with theiterative proportional tting algorithm,suchthat
all columnandrow mamginalsareequalto 1 [9]. The overall accurag computedon this modi ed
matrix is the normalizedaccurayg

4.4 Referencemethods

Several researchersvorking on segmentationhave usedthe SPO dataof Fig.6 and,asa conse-
guencewe canbene t from the numericalresultsthatthey have obtained5, 19, 32]. We collected
the available information as belongingto two differentexperiments,one performedon the whole
image( ) andanothemperformedon a smallersub-imageof it ( ). Someof the
segmentatiormapsand numericalresultsobtainedby suchmethodswere not availableand/ornot
publishedandwereeventuallyneglected.

Thereferencanethodsarelisted below:

* MD, minimumdistance;
* ML, maximumlikelihood;

» DA, discriminantanalysis;

ISING, Ising MRF optimizedby ICM;

H-MAP (H-MPM), hierarchicaMRF modeloptimizedby MAP (MPM) criteria;

M1X andM2X, two variationalmodels.
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1
2
Seaandwater
4
Forestsandheath
8 9
17 19
Corn Urban
Areas
Temp. Perm. Sandand Vegetables

meadovs meadovs baresoils

Figure8: TS-MRFstructurefor the sggmentatiorof the SPOI image.

MD, ML andDA arewell known spectralsggmentationtechniqueswhile ISING is a MRF-based
contextual sggmentationalgorithm. Suchtechniquesvere usedasreferencen the PhD thesisof

AnnabelleChardin[5, 19], wherea hierarchicalMRF modelwas proposedoroviding two imple-

mentation:H-MAP andH-MPM. Lateron, two variationalmethodsM1X andM2X, wereproposed
by C.Samsoret al. [32] and comparedwith MV, ICM and H-MAP, experimentingon the small

SPO image.

4.5 TS-MRF implementations

All the algorithmscited above, aswell asthe TS-MRF versionsusedfor the sameexperiment,are
supervisedmeaningthatthe numberof classesandthe associategharametersreestimatecbn the
learningset. However, for the TS-MRF onehasalsoto selectoneof the possiblebinary structures,
whoseleaveswill correspondo the classesSucha choiceis crucialand,assaidin theintroduction,
it hasto re ect the “intrinsic” structureof the data,which meanshatthe classesave to grouped
togetherhierarchicallytakinginto accountheir mutualspatialandspectralkcorrelations Although
in thecaseof unsupervised S-MRFatestparametemamedsplit-gain, helpsto automaticallysolve
this problem,in this casewe de ned the structureto use(seeFig.8) by inspectionof the data.

We remark,also,thatall the referencealgorithmsassumehe threespectrabandsof the SPOr
imageto be uncorrelatednamely the covariancematrix for eachclassto bediagonalandcompute
only thevariancedor eachband.Thereforejn our experimentswe usedbothuncorrelatedandsto
getafair comparisonandcorrelatedbandsto shav therelative effectivenes®f this secondnethod.
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In addition, we consideredthertwo choices,one whereonly binary Ising MRFs are associated
with eachnodeof thetree,the other, calledmixed solution,is similar to the previous onewith the
exceptionof the two nodes9 and 19 whosecorrespondingelds are “adaptive” Ising. This last
solutionprovidessomeimprovements.Eventually we implementedour TS-MRF versionswhich
we will referas

e TS.U,uncorrelatecchannelsandlsing components,

e TS.U+,uncorrelatectchannelsandmixedcomponents,
e TS.C,correlatecchannelsandlsing components,

e TS.C+,correlatecchannelsandmixedcomponents.

Finally, for eachbinary split we usedan estimation-maximizatioschedulesimilar to that pro-
posedin [22], but with the useof ICM insteadof simulatedannealing gstimatingthe edge-penalty
parameteby MPL (“Maximum Pseudo-Lilelihood”)[2].

4.6 Experimental results

The rst experimentpresentecherewas carried out on the whole SPOI image. Classi cations
performedby the four TS-MRF solutionsare shovn in Figures10-13,while the resultof H-MAP
is shavn in Fig.9. We alsopresenthe confusionmatriceswith the associatedlasswiseaccuracies
(producers andusers accuracies)n Tables1-4, bothfor referenceamethodgfoundin [5]) andfor
TS-MRFalgorithms.The globalaccurag indicatorsfor all theseclassi ersaregatheredn Tah5.

By inspectionof the global indicators,we obsere that contectual outperformnon-contetual
onesand, also, that TS-MRF methodsin generalperformbetterthanreferencegven considering
only uncorrelatedbands. However, global accurag indicatorshide deepdifferencesof behaior
betweertheclassi ers,sowe now proceedo a detailedclass-basedxaminationof results.

Waterclassi cationaccurag is very high for all theclassi ers. For baresoils,all theresultsare
alsorathergoodin termsof producersaccurag, which never dropsbelor 87%,andde nitely good
for users accurag, alwaysabove 96%. Hence theseclasseslo not contaminatehe others.

For other classesresultsshav signi cant variations. Urban areasaccurag rangesfrom 57%
(MD) to 95% (TS.C)in termsof producersaccurag andfrom 66% (ML) to 81% (DA) in termsof
usersaccurag. With respecto this class the betterclassi ersseento be H-MAP andTS-MREF In
particular in this casethe useof correlatedbandssigni cantly improvesthe classi cation,asmade
clearby accurag indicatorsor by the classi cationmapsthemseles. For example,a track which
crosseghe sceneis well detectecby TS.C and TS.C+ (seeFigures12 and 13), while is missed
by all the othercontextual classi cations,including thosenot shavn here(seeagain[5]). For the
forest/heattrlass,contextual classi ersand ML provide users and producers accuracieghat are
slightly betterthanthoseof DA andMD.

Although all resultsare bad for meadavs, dueto a very high overlap betweentemporaryand
permanentmeadavs, the TS-MRF classi ersgive muchbetterresultsthanthe others.This remark-
ablecasemalesclearthe bene ts of usingthe proposedree-structurednodel. As a matterof fact,
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Figure9: Classi cationby H-MAP
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Figure10: Classi cationby TS.U
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Figurell: Classi cationby TS.U+
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Figure12: Classi cationby TS.C
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Figure13: Classi cationby TS.C+
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Discriminant Analysis
water bare urban | forests/| tempor perman. | veget- | corn Users
soil areas | heath | meadws | meadws | ables Total || accur
water 547 12 559 97,9%
baresoils 1327 39 1366 || 97,1%
urban 43 317 1 12 11 5 389 || 81,5%
forests 8 8 28 1473 43 6 1566 || 94,1%
tem.mead. 7 44 113 98 3 10 275 || 41,1%
per mead. 9 124 47 2 52 234 || 20,1%
vegetab 105 40 27 18 0 190 0%
corn 1 96 71 220 433 821 52,7%
Total 555 1491 468 1591 390 394 5 506 5400
[ Prod'sacc. | 98,6% [ 89,0% | 67,7% | 926% | 290% | 119% | 0% | 85,6% | [ |
Minimum distance
water bare urban | forests/| tempor perman. | veget- corn Users
soll areas | heath | meadws | meadws | ables Total || accur
water 545 1 4 550 99,1%
baresoils 1300 46 1346 || 96,6%
urban 70 268 9 22 15 3 387 69,3%
forests 9 11 1393 26 3 1442 || 96,6%
tem.mead. 1 10 24 75 114 106 1 18 349 32,7%
per mead. 1 55 75 55 3 54 243 22,6%
vegetab 110 118 53 12 1 3 297 0,3%
corn 55 100 206 425 786 || 54,1%
Total 555 1491 468 1591 390 394 5 506 5400
[ Prod'sacc. | 98,2% [ 87,2% | 57,3% | 87,6% | 292% | 13,9% [ 20,0% | 84,0% | [ |
Maximum Lik elihood
water bare | urban | forests/| tempor perman. | veget- | corn Users
soll areas | heath | meadws | meadws | ables Total || accur
water 528 3 531 || 99,4%
baresoils 1316 49 1365 || 96,4%
urban 109 283 21 12 2 427 66,3%
forests 11 1520 2 26 1559 || 97,5%
tem.mead. 9 97 2 138 110 2 10 368 37,5%
per mead. 3 9 7 119 65 3 36 242 26,9%
vegetab 16 53 30 4 12 9 0 124 0%
corn 1 55 98 198 432 784 || 55,1%
Total 555 1491 468 1591 390 394 5 506 5400
[ Prod'sacc. | 95,1% | 88,3% | 60,5% | 955% | 354% | 165% | 0% | 854% | [ |

Tablel: Confusionmatricesfor severalspectral-basedassi cationsperformedonthewholeimage.
Theentryof throw and th columnis the numberof samplepixelsfrom th classthathave been
classi edasbelongingto the th class.
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Ising MRF

water bare urban | forests/| tempor perman. | veget- | corn Users
soil areas | heath | meadws | meadws | ables Total || accur
water 527 2 529 99,6%
baresoils 1368 48 1416 || 96,6%
urban 88 310 1 19 17 4 439 || 70,6%
forests 12 1534 26 1572 || 97,6%
tem.mead. 4 96 141 109 5 5 360 || 39,2%
per mead. 3 4 4 117 61 3 220 || 27,7%

vegetab 12 27 10 5 11 3 0 72 0%
corn 1 45 102 204 440 792 || 55,6%

Total 555 1491 468 1591 390 394 5 506 5400

[ Prodsacc. | 94,9% | 91,8% | 66,2% | 96,4% | 36,2% | 155% | 0% | 86,9% | I |

H-MAP

water bare | urban | forests/| tempor perman. | veget- | corn Users
soil areas heath | meadwvs | meadws | ables Total accur
water 528 4 532 99,3%
baresoils 1341 35 1376 || 97,5%
urban 91 359 1 14 20 2 487 73,7%
forests 11 1525 2 20 1558 || 97,9%
tem.mead. 8 68 159 113 5 17 370 43,0%
per mead. 4 3 19 110 54 27 217 || 24,9%

vegetab 16 46 3 3 15 1 0 84 0%
corn 1 39 90 206 440 776 56,7%

Total 555 1491 468 1591 390 394 5 506 5400

[ Prod'sacc. | 95,1% | 89,9% | 76,7% | 959% | 40,8% | 13,7% | 0% | 86,9% | I |

H-MPM

water bare | urban | forests/| tempor perman. | veget- | corn Users
soil areas | heath | meadws | meadws | ables Total || accur
water 525 9 534 98,3%
baresoils 1353 28 1 1382 || 97,9%
urban 89 429 1 12 20 2 2 555 77,3%
forests 14 1549 1 1564 || 99,0%
tem.mead. 20 6 172 130 21 349 49,3%
per mead. 5 13 111 31 3 29 192 16,2%

vegetab 16 27 4 0 47 0%
corn 2 19 91 213 452 77 58,2%

Total 555 1491 468 1591 390 394 5 506 5400

[Prodsacc. | 94,6% ] 90,7% | 91,7% | 97,4% | 441% | 7,9% [ 0% | 89,3% ] I |

Table 2: Confusionmatricesfor several contextual-basectlassi cationsperformedon the whole
image.
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TS.U

water bare urban | forests/| tempor perman. | veget- | corn Users
soil areas | heath | meadws | meadws | ables Total || accur
water 527 1 528 99,8%
baresoils 1343 18 1 1362 || 98,6%
urban 94 416 1 7 17 2 537 || 77,5%
forests 13 1518 27 1558 || 97,4%
tem.mead. 6 17 1 221 117 5 10 377 || 58,6%
per mead. 11 66 63 30 174 36,2%

vegetab 15 4 17 11 19 0 106 0%
corn 44 48 77 197 436 758 || 57,5%

Total 555 1491 468 1591 390 394 5 506 5400

[ Prod'sacc. | 94,9% | 90,1% | 88,9% | 954% | 56,7% | 16,0% | 0% | 86,2% ] I |

TS.U+

water bare | urban | forests/| tempor perman. | veget- | corn Users
soll areas | heath | meadws | meadws | ables Total accur
water 527 1 528 99,8%
baresoils 1358 19 1 1378 || 98,5%
urban 94 416 1 8 17 2 538 77,3%
forests 13 1518 27 1558 || 97,4%
tem. mead. 6 17 1 221 117 5 10 377 58,6%
per mead. 4 11 66 63 30 174 || 36,2%

vegetab 15 29 16 11 18 0 89 0%
corn 48 77 197 436 758 57,5%

Total 555 1491 468 1591 390 394 5 506 5400

[ Prod'sacc. | 94,9% | 91,1% | 88,9% | 954% | 56,7% | 16,0% | 0% | 86,2% ] I |

TS.C

water bare urban | forests/| tempor perman. | veget- | corn Users
soil areas | heath | meadws | meadws | ables Total || accur
water 543 3 546 99,4%
baresoils 1375 10 1385 || 99,3%
urban 61 443 12 29 15 6 566 78,3%
forests 12 1539 26 1577 || 97,6%
tem.mead. 10 10 259 90 5 39 413 62,7%
per mead. 2 2 7 123 69 203 60,6%

vegetab 42 15 28 25 0 1 111 0%
corn 1 25 67 141 365 599 60,9%

Total 555 1491 468 1591 390 394 5 506 5400

[ Prodsacc. | 97,8% | 92,2% | 94,7% | 96,7% | 66,4% | 312% | 0% | 72,1% ] I |

Table3: Confusionmatricesfor severalclassi cationsperformedon thewholeimageby TS-MRFs.
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TS.C+

water bare | urban | forests/| tempor perman. | veget- | corn Users
soll areas | heath | meadws | meadws | ables Total || accur
water 543 3 546 99,4%
baresoils 1397 13 1 3 1414 || 98,8%
urban 45 444 11 29 20 3 552 80,4%
forests 12 1539 26 1577 || 97,6%
tem.mead. 10 10 259 90 5 39 413 62,7%
per mead. 2 2 7 123 69 203 60,6%

vegetab 36 11 28 20 0 1 96 0%
corn 1 25 67 141 365 599 60,9%

Total 555 1491 468 1591 390 394 5 506 5400

[ Prodsacc. | 97,8% | 93,7% | 94,9% | 96,7% | 66,4% | 312% | 0% | 72,1% ] I |

Table4: Confusionmatrix for a TS-MRFclassi cationperformedonthewholeimage.

[ Methods][ DA [ MD | ML [ ISING | H-MAP | H-MPM [ TS.U | TS.U+ | TS.C | TS.C+ ]
78,8% | 75,0% | 79,3% | 81,1% | 81,6% | 83,5% | 83,8% | 84,1% | 86,1% | 86,5%
73,8% | 70,5% | 74,3% | 765% | 77,1% | 79,5% || 79,9% | 80,2% | 82,7% | 83,2%
55,7% | 60,7% | 55,2% | 55,3% | 56,3% | 52,7% || 57,8% | 57,9% | 60,7% | 60,8%

Table5: Summaryof the globalaccuray indicatorsfor the classi cationsperformedon the whole
image.

suchtwo classesareassociatedn the treewith the sameparentnode(seeFig.8) and,asa conse-
quencearealwayskepttogetherand nally split only oncetheir sharedegion hasbeensingledout
by ancestosplits.

For vegetablesall resultsarevery poor. Sucha globalfailure shouldbe mostlyattributedto the
insufcient amountof pixelsavailablefor this classin thelearningandvalidationsets.Cornregions
areratherwell extractedby all methodswith a minimum producers accurag of 72% but arequite
contaminatingwith ausers accurag of theorderof 55%.

The secondexperimentpresentechere concernsthe small portion ( ) of the whole
scene(seeFig.14). We performedthis experimentin orderto carry out a comparisonalso with
the variationalmethodsproposedn [32] which weretestedon this image. In Figures14 and 15,
classi cationscarriedout by TS-MRF methodsand referenceclassi ers are shavn, while global
accurag indicatorsaregatheredn Table6. For the two variationalmethodsM1X andM2X, only
theoverallaccurag is available,andbasedon suchindicatorthe TS-MRF classi erswork better
thanboth. As an aside,the comparatie analysismadeabove with respecto H-MAP, ISING and
ML, is con rmed on this smallimage.

By inspectiorof theindicatorsassociatedb boththe experimentgproposedt seemghattheuse
of an adaptie Ising as basiccomponentdoesnot improve the algorithm. However, we point out
thatoneof thethreeclassesnterestedy the adaptve modelis the vegetableclass whoseaccurayg
analysisis completelyunreliable.In addition,we expectto obsene signi cant differencedetween
TS and TS+ in the classi cation of mixed pixels (see[15]), thatis boundarycells wherea class
changeoccurs.But thetestset(Fig.7)is composedf a collectionof homogeneousunconnected”,
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ChannelXS3

Ising MRF

Figure14: SmallSPO image(

) andsomeclassi cations.

MaximumLikelihood

H-MAP

[ Methods[ ML [ ISING | H-MAP | MIX | M2X ]| TS.U | TS.U+ | TS.C | TS.C+]
65,1% | 66,0% | 70,5% | 71,3% | 70,0% || 73,3% | 73,3% | 75,1% | 75.8%
57,9% | 58,8% | 64,2% | - —  |[67,4% | 67,5% | 70,2% | 70,2%
51,5% | 453% | 50,1% | - — [ 52,8% | 52,8% | 55,8% | 54,5%

Table6: Summaryof the globalaccurag indicatorsfor the classi cationsperformedon the small

image.
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TS.U TS.U+

TS.C TS.C+

Figure15: Classi cationsof thesmallSPO imageby TS-MRFalgorithms.
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rectangularegions, with no mixed cells, so that no appreciablémprovementscan be obsened.
Neverthelesspy visual inspectionof classi cations(for instancein Fig.15) one canseehow the
boundaryfragmentatioris lessfrequentfor TS+ with respecto TS; the mostperceptiblechangds
for vegetablegshavn asblack).

Finally, we obsene, for both the experiments,a noticeabledifferencebetweenthe algorithms
which usethe interbandcorrelation, TS.C and TS.C+,andall the others. In fact, a large region
alongtheseafront is classi edasurbanareaby TS.C(+),while all otherclassi ersputit in thebare
soilsclass,aswould seemreasonableThis anomaloubehaiour is certainlydueto thelikelihood
model, signi cantly changedoy the useof correlatedchannelswhich indicatesthe urbanclassas
morelikely. To provethis, we sgmentedheimageby aML classi erwith correlatecchannelsand,
eventually obsenedthe sameanomaly Of course,in this sensethe choiceof the learningsetis
crucial. Likewise,in samearea,a groundstrip correspondingo vegetabledor uncorrelatednodels
is classi ed aswater by both TS.C and the correlated-bandML classi er, further validatingthe
considerationsnadeabove.
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5 Unsupeisedimagesegmentation

5.1 The unsupewised TS-MRF algorithm

The natureof the TS-MRF model suggestso addresghe unsupervisedegmentationproblemby
usingthe recursve optimizationprocedurewith the additionof a stoppingconditionat eachnewly
createdeaf in orderto decideon the growth of the tree. As a result,the numberof classesn the
image(clustervalidationproblen), thatis the numberof terminalnodesof thetree,is automatically
detectedasabyproductof thetreestructureitself.

We now describethe algorithmby rst giving theinitialization, focusingon the root (node1),
andthenthe genericstepwith referenceo a giventree.

At the beginning,we considerthe following two hypotheses

(41)

The rst hypothesicorrespond$o thecasean whichthewholeimage,associateavith therootnode
( ), is representedsa singleregion. Therefore the obsened dataare described
by a singledistribution , whosemodelis known exceptfor someparameters thatmustbe
estimatedrom the datathemseles. Of course,in this casethe TS-MRF is empty andall sites
have the samelabel attached. This is the only possiblecon guration andin this sensewe de ne
, andalsowrite the datadistribution as to make explicit that  is described
throughthe singlesetof parameters attachedvith nodel.
The secondhypothesiscorrespondgo the casein which the imageis representedby two re-

gions. To single out suchregions, a binary MRF is dened on , with potentials
thatare completelyspeci ed exceptfor someparameters . The MAP estimateof the MRF |
with probability , dividesthe imageinto two new regions, and

, with theirassociatedlata and
Recallthatwe assumeasit is usuallydone thatthe dataareconditionallyindependengiventhe
labels,andhencetheir descriptionfactorsout as
At this point, we comparethe two statisticaldescriptionsof the image, baseobn asingle-class
model(tree ) or atwo-classmodel(tree ), by checkingthe condition

(42)

which, specializedor , becomes

(43)

If thetestsucceedsyamelythesplitgain  is greatethanl, thetwo-regiondescriptionts thedata
betterandthe proceduregoeson, otherwiseit stopsandthe single-reggion descriptionis accepted.

5Now, sincethetreestructureis not given, we make explicit referenceo it in notation,for instanceusing to referat
theoverall®eld , where isatreestructurefo distinguishfrom  thatis abinary®eld associatedo node .
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Let usnow considera generictree , thathasbeentemporarilyacceptedasour structurewith
associatedS-MRF  , andlet bealeafof thatwe aretestingfor a possiblesplit. Thetwo
hypothesesindertestarethen

: (44)
split
wheretree split is identicalto  exceptfor node which generateswo new leaves,
and +1,becominganinternalnodeitself. To explicitly test(42)for thegenerabaseremembethat
- , andthat . Moreover
Thereforewe canwrite
(45)
andthe split gainsimpli es to
(46)
It shouldbe notedthatthe testdependsexclusively onregion . In fact,given  the maxi-
mizationprocesoperate®nly on , andthe MAP problemreducego
(47)

whichis completelylocalto node . If thetestsucceedghegrowth of thetreeandof theassociated
sgmentationcontinuesin a similar way for eachnewly createdeaf, asif eachoneweretheroot
of anew tree. Therefore the treegrowing processs accuratelydescribedy arecursve procedure,
whichcango onin parallelfor eachnode.

Thelikelihoodpartin Eq.47, , is not expressediy Eq.40like in the supervisectase,
becaus¢henumberof descendarieavesof is now unknovn. Thereforewe supposéo have only
onedescendarfbr eachof thetwo childrenof , thusachieving a greedyoptimizationprocedure.

Theratio , referredto asthe split gain,accountdor thegainin descriptionef ciency arising
from the split of leaf . This interpretationrbecomesnore compellingif we take the logarithm of
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Initialize Tree
CheckNode(1)

[?

= argmax,, ¢ G'
Hy
H HG >1
M
kyes
Split Tree( )
CheckNodes(2 ,2 +1)

Figure 16: High-level o w chart of the segmentation algorithm.

no. Stop

andregardit asthe difference betweerthe self-informationassociated
with eachof thecompetingT S-MRF'SC. If theself-informationis agoodindicatorof thedescription
complity, thena positive log split gain indicatesthat the new descriptionof the obsened data
is “simpler” thanthe precedingone, and hencepreferable(accordingto Occams razor). In more

detail, a split hasalwaysa cost, , dueto the needof describingthe sgmentation , but

alsoavalue, , becaus¢he dataaremoreaccuratelyrepresentedn eachnewn

segment,by their local parametersA positive indicatesthat the overall bene ts outweight
thecost.

Fig.16shavs ahigh-level o w chartof the segmentatioralgorithm. To improve readability the
procedurds sequentiafatherthanrecursve, andonly oneleaf at a time is split, the onewith the
largestsplit gain (the experimentswill follow this corventionaswell).

* In theinitialization step thetreeis de ned asconsistingof thesoleroot ( ); thewhole
imageis associateavith it ( ), andthevectorof parameters is estimatedpf
coursethe TS-MRFis empty/( ).

* In theprocedureCheckNode(), thebinaryMRF  isde nedon ,theMAP realization
is estimatedogethemwith its parameters , andthesplitgain  is evaluated.If this
nodewill besplit soonetror later

6This discussioris only to gaininsightaboutthe meaningof the split gain,andthereis no attemptto berigorous.
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(d) (e) U]
Figure 17: Using a split-only approach, the synthetic image (a) can be erroneously seg-
mented in 4 classes (c). Allowing for region merging, the correct solution is obtained (f).

« SplitTree() updateghestructureof thetreeby moving from to , andgeneratingwo new
leaves and +1;to eachoneof suchnewn nodesthe properquantities( , etc.)
areassociatedthey wereevaluatedduringthe CheckNodestep).

5.2 A split-and-mergesolution

Aswasremarledin theprevioussection,in theunsupervisedaseasplitis carriedout by modelling
the dataof the two regionsto extract as correspondingo terminalnodes,while in the supervised
casethey are supposedo correspondo two sub-treeqwith known structure). This fact leadsto
a greedyalgorithmin the rst casewherea singleobjectcanbe oversegmentednto two or more
regions,with introductionof falsecontours.

The exampleof Fig.17illustratesthis problem:in (a) we have a syntheticimagewith threedis-
tinct regions; becausenly binary segmentationsare possiblejt canhappen(giventhe datamodel)
thatthecentralregion is splitin half amongthetwo newly formedsegments2 and3 (b); aftertwo
moresplits, we have the situationshavn in (c), wheretwo differentsegments,5 and6, correspond
to two adjacenpartsof thesameregion , aclearfailure of thealgorithm.

Varioussolutionscanbe ervisagedfor this problem,suchas,for example,allowing a variable
numberof childrenfor eachnode. A simpleandfastsolutionwhich keepsthe binary structure to
allow for thereshapingf regionboundariedy meanof a split-and-megeproceduravaspresented
in [14]. To gaininsightaboutthe rationaleof this approachconsideragainFig.17: after the split
of node2, we have leaves (andregions) 4, 5, and 3, asshaown in (d); at this point, we cantry to
merge eachof the new nodes(4 and5) with all existing leaves(only node3 in this case)andassess
thepossiblegain: the memging of nodess and3 shouldindeedprovide again,becauseegion  will
thenbelongto asingleclass.In this casethe meming takesplace(e); this mergedregion (5+3) will
eventuallybe split againresultingin regions5' and3', andhencethecorrectsggmentatiorshovn in
part(f). Thesplit-and-megealternatingoroceduras drivenmakinguseof two indicators:the split
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(@) (b) (©

(d) (e) ®
Figure 18: Synthetic multispectral image: ground truth (a), and segmentation maps pro-

duced by MD (b), Ising MRF (c), TS-MRF (d), adaptive TS-MRF (e), adaptive TS-MRF with
merging ().

gainde ned above, which controlsthe splitting, anda dualparametereferredto asthe memgegain
(se€[14] for moredetails),which drivesthememging.

In Fig.18a comparisorbetweerseveral TS-MRFversionsput alsowith standardechniquesis
shown. In Fig.18,togethemwith the ground-truthwe have the sggmentatiormapsproducedoy vari-
ousalgorithms thatis, minimumdistancg(b), Ising-MRF(c), TS-MRF(d), TS-MRFwith adaptve
Ising componentge), andTS-MRFwith adaptve Ising componenandmeiging (f). All algorithms
correctlystopat (thiswasaninput parametefor MD), whichis reasonabléor suchasimple
image.

5.3 Unconnectedregionssplitting

Describinga eld of databy meansof two setsof parameters;atherthanone,is alwayscornvenient
in termsof accurag. Therefore,the only reasonfor not splitting a region in two is theincreased
descriptiorcompleity, relatecto thenumberof edgesetweerthepixelsof thetwo new subrajions.

INRIA



TS-MRFor image sggmentation 41

@)

(b) (©

Figure19: A comparisorof TS-MRF algorithmswith (c) or without (b) splitting of unconnected
regionsona GERimage(a).
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In the splitting procedurausedin unsupervised S-MRFalgorithm,quite often childrenregions
arecomposedf several spatiallydistinctaread. Splitting suchareasfrom oneanothey no matter
how similar they are,is necessarilyassociatedvith a positive gain sinceno new edges(andedge
penaltiesiareintroducedn the processActually, assumingall parametersncludingthe split gain,
arecorrectlyestimatedsuchkind of splitsshouldoccuranyway, sooneror later, while the segmen-
tationtreegrows.

Basedon this consideratiora variation of the TS-MRF algorithmhasbeenproposedecently
[16], which enforces,after eachbinary split, the separatiorof non-connectedreasto form newn
nodes. The separatiorof non-connectedegionspresentseveral advantages First of all, it is self
evidentthat sgmentatiorbecomesvery fast,the bulk of processingeingconcentratedh the rst
split, for which multi-resolutiontechnique$3, 8, 20, 33] canalsobeused.In addition,by remaoving
thein uence of datafrom distantareasin the parameteestimationphase the adaptatiorto local
statisticdhecomesnoreaccurateA furtheradvantagdiesin theopportunityto associateneaningful
geometricalandtopologicalfeatureswith eachnode/rgion. Experimentsalsoshov (andwe are
still working to explain this behavior) thatthe modi ed algorithmsucceed extractingsmall-size
detailsthatdo not appeamwhenonly binary splitsareused.

On the down side, in this approachfocusedon segmentsratherthan classessomeuseful in-
formationis lost regardingthe meaningof eachregion. In otherwords, non-connectedegions
characterizedby the sameland cover do not shareanymorea commonlabel, and presentifferent
setsof parametergpossiblyvery similarto oneanotheythatmustberecordedseparatelyOf course,
suchrelationshipsanberecoveredwith somemoreeffortsin afurtherphaseof processing.

Fig.19 shows the resultof a sggmentationexperiment. A 512x512sectionof an 8-bandGER
remotesensingmage,onebandof whichis shavn in part(a), is sggmenteddy boththeoriginal TS-
MRF algorithmandthe last versionwith separatiorof non-connected@omponents.The resulting
segmentationmaps,projectedon the referencebands,are shovn in parts(b) and(c). It is clear
that,with the secondalgorithm,mary moresmall-sizeregionsarecapturedsomebrighteronesare
especiallyisiblein thebottompartof theimage)andmary falsecontoursareavoided,with noneed
of expensie split-andmeige procedures.

5.4 Computational complexity

We shov herea comparison,in termsof computationaburden, betweenthe standardTS-MRF
andthereferencealgorithm,which is a K-classising MRF model. To this end,we consideragain
the GER imagedescribedabore (a512 512 pixel section),which is sggmentedusing both the
algorithmswhich arereferredto simply as“TS” and“ at” algorithms.

Fig.20 reportsCPU time as a function of the numberof classesvhena single-bandmageis
consideredContraryto our intuition, in the supervisedase whenthe numberof classess known
a priori, the at algorithmis almostalways fasterthanthe TS one. As a matterof fact, the tree
structureentailstheadditionalburdenof dealingwith irregularlattices which callsfor morecomplex
datastructuresand additionalcontrols. On the other hand,the simple MRF model usedin both
casesandthesuboptimalCM algorithmwhichguaranteeaquickcornvergencereducehepotential

"Indeed this alsohappensvith  -ary sgmentations.
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Figure 20: CPU time as a function of the number of classes, for “ at” and “TS” algorithms.
In the unsupervised case, the TS algorithm is clearly preferable.

computatiorgainof usingonly binary elds. Suchanadwantagecouldbecomesigni cant with more
sophisticatedMRF modelsandoptimizationalgorithms.

However, if we considerthe unsuperviseatase the picture changesompletely With the at
algorithm,to obtainandaccepta -classmap,all independensegmentationsvith
classesareneededn orderto evaluatetheir validity measure.With the TS algorithm,instead,all
seggmentationsrenestedandthetestsrequiredto stopthegrowth areall local: therefore giventhe

-classmap, only anotherlayer of splitsis required,one for eachleaf of the tree, with a nearly
constantadditionalcompleity with respectto the supervisectase. As a consequenceaysing the
TS-MRFmodelbecomesnoreandmorecorvenientasthe numberof classegrow (whichis often
thecasefor largeimages).

This advantageincreasesvhenwe considermultiple bands. Fig.21 reportsthe CPUtime asa
functionof the numberof bandsin theimagefor boththe at andTS algorithmswhen8 classesre
consideredsupervisedase) Compleity grows quitefastfor the at algorithm,andit soonexceeds
thatof the TS algorithm,which in turn remainsalmostconstant.The effectsof multiple bandson
thecompleity of the unsupervisedasecanbe easilyextrapolatedwvithout furtherexperiments.
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Figure 21: CPU time as a function of the number of bands, for “ at” and “TS” algorithms.
The TS algorithm is more and more convenient as the number of bands increases.

6 Conclusions

In thiswork, we have presented tree-structure®IRF prior modelusefulfor remote-sensingnage
segmentatiorandclassi cation. Sucha modelpresentseveralinterestingoroperties.

First, it allows the generalizatiorof eachMRF modelwhoseclique potentialsdependon the
con guration of the edgesn the clique but are“blind” with respecto the color-transitionof these
edges,to a correspondenhon-blind model. This nev model (a TS-MRF), which includesalso
hierarchicalconstraintsbetweenclassesrequiresa numberof parametergqualto
where isthenumberof parametersf thereferenceblind modeland is thenumberof classes.

Theimposedstructuralconstraintdbetweernclassedeadto a recursve factorizationof the joint
distribution in terms, eachcorrespondingo an internal node of the tree and involving a
correspondingprior parametesub-setAs a consequence recursie procedureeanbe usedto per
form estimation-maximizatioavoiding furthercomputationaburden.Indeed the algorithmproves
experimentallyto be fasterthenthe basicreferencemodel, especiallywhenthe numberof bands
becomedarge, becausall the recursve stepsare simply “binary” segmentationghat operateon
smallerandsmallerregionsasthetreegrows. Therefore by usingalargerparametesetin the con-
text of a structuredmodel,we increasedhe descriptioncapabilityof the modelkeepingunaltered,
or evenreducingthe computationatompleity.

The outputof the algorithmis not just the segmentation put the whole tree, with its temporal
developmentandall parametersissociatedvith the individual nodes.Hence givena -leave sey-
mentatiortree,all intermediatdreesandassociatedegmentatiomrmapscanbe obtainedby pruning
backnodesn reverseorder[30].

Theavailability of SPOr imagewith ground-truth providedby the Costellaboratory(University
of Renneg), allowedusto carryoutexperimentsn supervisedegmentatiorandto comparaesults

INRIA



TS-MRFor image sggmentation 45

with variousotherMRF-basedindvariationalclassi ers. Theresultsshawv that,on thisexample the
TS-MRFclassi ersoutperformall referenceéechniquegonsideredbothin termsof globalaccurag
and,evenmore,in termsof class-wiseaccuray.

Becausef its recursve structurethe TS-MRFmodelalsoaddressethe clustervalidationprob-
lem of unsupervisedeggmentationthroughthe useof a stoppingconditionlocal to eachnode. In
this case however, a greedylik elihoodmodelis usedfor eachnodeleadingto alossof accurag. In
orderto improvetheunsupervised S-MRFalgorithm,we introducedhodemermging andthesplitting
of unconnectedegions,with somebene cial effects. Neverthelessthis is still anopenproblemto
beaddresseth futurework.
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