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Abstract: In this work we detaila tree-structuredMRF (TS-MRF)prior modelusefulfor segmen-
tation of multispectralsatelliteimages. This modelallows a hierarchicalrepresentationof a 2-D
�eld by theuseof a sequenceof binaryMRFs,eachcorrespondingto a nodein thetree.In orderto
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de�ning a multi-parameter, �e xible, MRF. Althougha globalMRF modelis de�ned on thewhole
tree,optimizationaswell estimationcanbecarriedoutby working on a singlenodeat a time, from
theroot down to theleaves,with a signi�cant reductionin complexity. Indeedtheoverallalgorithm
is proved experimentallyto be muchfasterthana comparablealgorithmbasedon a conventional
IsingMRF model,especiallywhenthenumberof bandsbecomesvery large.Thanksto thesequen-
tial optimizationprocedure,thismodelalsoaddressestheclustervalidationproblemof unsupervised
segmentation,throughtheuseof a stoppingconditionlocal to eachnode.Experimentson a SPOT
imageof theLannionBay, a ground-truthof which is available,prove thesuperiorperformanceof
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Modèle MRF structuré à arbr ebinair e pour la segmentation
d'imagessatellitairesmultispectrales

Résumé: Danscerapport,nousproposonsun modèlemarkoviena priori structuréà arbrebinaire
(le TS-MRF) pour la segmentationd'imagessatellitairesmultispectrales.Ce modèlepermetde
représenterun champbidimensionnelpar une séquencede champsde Markov binaires,chacun
correspondantà unnoeuddel'arbre. Pouravoir unebonneclassi�cation,onpeutadapterle modèle
TS-MRFà la structureintrinsèquedesdonnées,endé�nissantunMRF, à plusieursparamètres,très
�e xible. Bien que l'on dé�nisse le modèleglobal sur tout l'arbre, l'optimisation et l'estimation
peuventêtrepoursuivis en considérantun noeudà la fois, à partir de la racinejusqu'auxfeuilles,
avec une réductionsigni�cative de la complexité. En effet, on a montréexpérimentalementque
l'algorithme global estbeaucoupplus rapidequ'un algorithmeconventionnelfondésur le modèle
markovien d'Ising, enparticulierquandle nombredesbandesspectralesesttrèsgrand.Grâceà la
procédured'optimisationséquentielle,cemodèlepermetaussidedéterminerle nombredesclasses
présentesdansl'image satellitaire,dansle cadred'une classi�cationnonsupervisée,à traversune
conditiond'arrêt dé�nie localementpour chaquenoeud. Nousavonseffectuédesexpériencessur
uneimageSPOT de la baiede Lannion,pour laquellenousdisposonsd'une vérité terrain,et nous
avonstrouvéquele modèleproposéfournit de meilleursrésultatsquecertainsautresmodèlesde
Markov et qued'autresméthodesvariationnelles.

Mots-clés: Classi�cationd'image,segmentationorientéeauxobjets,estimationBayesienne,mo-
dèlehiérarchique,champsdeMarkov.
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1 Intr oduction

1.1 Multispectral imagesegmentation

Segmentationis a low-level processinguseful for many high-level algorithmsandapplicationsin
thecontext of remotesensing,medicalimaging,videocodingandsoon. Its goal is to partitionthe
imagein homogeneousregionsaccordingto a givensetof featuresof interest.A notableexample
of theuseof segmentationin theremotesensing�eld is classi�cation,a taskwhosegoal is to label
eachsiteof thesceneasbelongingto oneof severalknown classes[24, 29]. Fromanalgorithmic
point of view, segmentationandclassi�cation canoften be consideredas the sametask, i.e. the
outputof theformeris directlyusedasaclassi�cationmap,althoughthelatteradmitsanhigherlevel
interpretation.Thisis thecase,for example,whenthespectralresponsesof theclassesto bedetected
areknown apriori, andsuchinformationis takeninto accountin thesegmentationalgorithm,which
is necessarilyparametric. In this case,the segmentationis said to be supervised, sinceseveral
parameters,aswell asthe numberof classes,areknown a priori, avoiding the needof estimating
them. On the contrary, whenno prior informationon the classesis available,the segmentationis
saidto beunsupervisedand,if oneresortsto thesameparametricalgorithms,it becomesmuchmore
complex, involving theestimationof boththenumberof classes(clustervalidationproblem) [1, 13]
and the correspondingfeatures,like meanandcovarianceof the classes[10, 35]. Indeed,when
no informationis given, the very conceptof a classor segmentis not obviously de�ned and,asa
consequence,clusteridenti�cation is an ill-posedproblem.Eventually, to regularizeandsolve this
problem,severalconstraints,basedonspatial,spectralor entropy properties,mustbede�ned.

In this work, both the supervisedandunsupervisedcasesareconsidered.In the �rst case,the
experimentsarecarriedout on a SPOT satelliteimageof LannionBay acquiredduringthesummer
1997,coupledwith theground-truthof two samplesetsof thescenedetectedby a humanoperator
onsite: theformer(learningset)usedto estimatetheclassparameters,thelatter(testset)to evaluate
thealgorithmperformancein termsof a correctclassi�cationpercentage.

Unsupervisedsegmentationis alsoaddressedthanksto the peculiarstructureof the proposed
model,whichallows to de�ne asimpleclustervalidationcriterion,andexperimentsareprovidedon
real-world hyperspectraldataacquiredby theGER(GeophysicalEnvironmentalResearch)airborne
sensor, whichportraysanagriculturalareain Germany neartheriverRhein.

1.2 Statistical approach

In thestatisticalframework, thesegmentationproblemis approachedby choosinganad hocprob-
abilistic modelto �t thedataandtheunknown segmentationmap. In thebasicformulation1, mul-
tispectralimagedataare representedby a continuousvectorial2-D �eld �����������
	����� , with

��������� , where 	 is a site of the lattice  , and � is the numberof the bands.The dataarethen
assumedto bea realizationof a random�eld � whoseprobabilitydistribution is ���

��� 2. Likewise,

1In thiscontext thedataareconsideredasraw, withoutany processingor transformation,andthesegmentationis similarly
representedas2-D mapalthoughotherpointsof view couldbeassumed(e.g., contourset).

2Whenever unambiguous,we will indicatetheprobabilitylaw associatedwith � simply as � �"! # , to bemeantaseithera
densityor adistribution functiondependingon thecase.
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theunknown segmentationmap �

� �

�

� �
	 � �� ��� ����� (where� � �����
	 �����

� ������	 � is the
labelsetorderedonly for notationalconvenience,and � is thenumberof theclasses)is arealization
of adiscretescalar2-D random�eld � with distribution �����

� .
Given the probabilisticmodel,onecanresortto a suitableestimationcriterion (MAP, MMSE,

ML, MPM, etc.) to minimize themeanof a selectedcostfunction. Oneof themostpopularis the
MaximumA Posteriori (MAP) criterion whoserelatedcost function is 0 if no errorsoccur, and1
otherwise,irrespective of the numberof errors. In the context of classi�cation it is moreconve-
nient, to usea cost function which countsthe numberof misclassi�edpixels. Minimizing sucha
function leadsto the MaximumPosterior Marginal (MPM) criterion which, however, is very hard
to implementbecauseof the complexity involved in computingthe posteriormarginal, unlessthe
modelhasa speci�c form [6]. For this reason,theMAP criterion is muchmorefrequentlyusedin
imagesegmentation.TheMAP estimatoris de�ned as

�

�������

��� ��!#"$�&%

'

�����)(

� � ��� ��!#"$�&%

'

���

�

( �

�

�����

� (1)

wherethe secondequality comesfrom the Bayesformula oncedeletedthe irrelevant term � �

��� .
Whenno a priori model �����

� is assumed,which is equivalentto have a uniform a priori distribu-
tion, themaximizationinvolvesonly � �

�

( �

� , leadingto thewell known MaximumLikelihood(ML)
estimator. In this case,the likelihoodterm � �

�

( �

� is usuallyassumedto be spatiallyindependent,
meaningthat eachsite is independentfrom eachother, with a Gaussianlocal conditionaldensity
whoseparametersareclass-dependent,thatis

���

�

( �

� �+*

��,

�

���

� �

( �

� � (2)

and
� �
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� ��-�� �
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�
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�
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�DC (3)

where=

3 and 2
3 arethemeanandthecovariancematrixof class- respectively.

Underthementionedhypotheses,thanksto the factorization,optimizationcanbepursuedsep-
aratelyfor each�

� , considerablyreducingthecomputationalburden. However, whenthe dataare
noisy, ML segmentationprovesoften unsatisfactory, having neglectedany helpful contextual in-
formation,like the spatialcorrelation. To obtainacceptableresults,onecannotrely solely on the
observeddata,but musttakeadvantageof all availableprior informationabouttheimageor classof
imagesunderanalysis.

TheMarkov random�eld (MRF) modelling[2, 18, 25, 34] is a relatively simple,yet effective,
tool to encompassprior knowledgein thesegmentationprocess,andin facttheinterestonMRFshas
beensteadilygrowing in recentyears.Whenimagesegmentationis formulatedasa Bayesianesti-
mationproblem,all prior informationavailableon theimage� to besegmented,mustbecontained
in its probabilitydistribution �����

� . By modellingthesegmentationmapasaMRF, i.e., assumingthat
eachgivenpixel �

� dependsstatisticallyon therestof the imageonly througha selectedgroupof
neighbors�FEHG

�JI , onesimpli�es thedif�cult problemof assigningaprior: oneneedsonly specifythe
local characteristicsof the image�����

�

( �KE�G

�JI

� . What is moreimportant,local dependenciescanbe
convenientlyexpressedthroughthede�nition of suitablepotentialfunctionsin a Gibbsdistribution.

RR n° 5062



6 G.Scarpa

(a) (b) (c)

Figure1: Syntheticexperiment:(a) noisydata;(b) hiddensegmentationmap;(c) segmentationby
Isingmodel.

1.3 Discussionon the proposedMRF model

In theMRF framework, anumberof problemsremainopen,themostimportantbeing:

1. how to de�ne aMRF (throughits potentials)thatis ableto takeinto accountprior information
while remainingmathematicallyandnumericallymanageable;

2. how to set/estimatethenumericalparametersof suchanMRF;

3. how to solve theMAP estimationproblemwith reasonablecomputationalcomplexity.

The�rst problemis certainlythemostintriguing,asit amountsto de�ning anabstractstructure
of theimagethat�ts well theobserveddata.Onecouldbetemptedto de�ne sophisticatedmodels,in
orderto capturethecomplex natureof imagedependencies.However, modelde�nition cannotover-
look theestimationproblems(2) and(3). In fact,by increasingthemodelcomplexity oneendsup
with a largenumberof parametersthatcannotbereliably estimated;andevenneglectingthis prob-
lem, thesubsequentoptimizationtaskcouldbesocomputationallydemandingasto forbid theuse
of reliableprocedures,leadingto disappointingresults.Indeed,computationalcomplexity remains
a majorweaknessof theMAP/MRF approach,andin developinga real-world MRF-basedsegmen-
tation algorithmall efforts shouldbe madeto keepit undercontrol,without sacri�cing �delity of
description.

As is well known, oneof themainproblemsin the imagerepresentationis to take into account
the spatialvariation of the statistics. Let's considerfor examplethe imagein Fig.1, wherethe
data(a) were generatedaddingGaussiannoiseto the syntheticimage(b) which is supposedto
be the unknown segmentationmap. As can be seen,following for examplethe tracedline, the
classrandomprocessis clearly non-stationary. The well known Ising model [2], aswell asmore
recenthierarchicalMRFs [3, 7, 21, 23, 26], do not take into accountthesespatialvariationand,as
a consequence,givespoor resultsin thepresenceof such“structured”data. This is clearlyshown
in theexampleof Fig.1(c)wherea segmentationmapis achievedwith a secondorderIsing model.

INRIA
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b

g w

wg

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

This happensbecausein the prior modelthereis only oneparameterto enforceregularity, whose
valuedependsneitheron thespatialpositionnor on theclasses.As aconsequence,oneclassis well
detectedwhile theothertwo arealmosteverywheremixedbecauseof anover-regularization.

Theexampleshown, althoughnot realistic,makescleartheneedto usea structuredmodel. In
factit is veryeasyto detecttheintrinsicstructureof thedata(seeFig.2),whichis well representedby
abinarytreeof classes.Indeed,mostrealimagespresenta similarhierarchicalstructureevenif it is
notalwayssoevidentandeasyto detect.Theaimof theproposedmodelis just to �nd andrepresent
thehiddenhierarchyof thedataby a tree-structuredMRF (TS-MRF),whichcanbeseenasa union
of severalbinaryMRFseachcorrespondingto anodein thetree.In suchastructure,localparameters
canbede�nedsoasto correctlysplit theclassesdependingonly ontheirstatisticalcharacteristics.In
addition,thanksto its nestedform, theTS-MRFmodelallowsfor recursiveproceduresof estimation
andoptimization,whichhelpreducingcomputationalcomplexity.

RR n° 5062
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2 MRF modelsfor imagesegmentation

2.1 MRF de�nition

As wassaidbefore,by usinga MRF to modeltheprior probability �����

� oneobtainsthea posteriori
modelwhich allows to exploit contextual information,andeventuallyto estimatethesegmentation
mapaccordingto a MAP criterion(1).

A random�eld � de�ned on a lattice  is saidto bea MRF with respectto theneighborhood
system�

� �

� �

	 � � 	�� �� if the Markovian propertyholds true for eachsite 	 , namely, �

� is
conditionallyindependentof therestof theimagegiventherealizationonaneighborhood� �

	 � of 	

� �D�

�

( �

�

A

� � �

���D�

�

( � E�G

�7I

�� (4)

Quiteoften, in orderto limit complexity, only the4 or 8 closestpixels (system�

6 and �

1 , respec-
tively) are includedin a pixel's neighborhood(seeFig.3). Even so, the MRF modelprovesquite
powerful becausemostof thedependenciescanbecapturedthroughlocal interactions.

WhatmakesMRFsespeciallyattractive is theHammersley-Clif ford theorem[34] which proves
thatany positiveMRF hasa Gibbsprobabilitylaw
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%5:�;<���
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wherethe
	

�

���

� functionsarecalledpotentials,�

���

� denotestheenergy, and
�

is just a normaliz-
ing constant.In (5)  indicatesa cliqueof the image,which is a setof sitesthatareall neighbors
of oneanother. Note that eachpotential

	

�

dependsonly on the valuestaken on the clique sites
�

�

� �

�

� � 	 �



� and,therefore,accountsonly for local interactions.As a consequence,local de-
pendenciesin � canbeeasilymodeledby de�ning suitablepotentials

	

�

���

� , asshown for example
in [34]. With theMRF-Gibbsequivalence,themodelselectionproblemamountsto choosingasuit-
ableneighborhoodsystemandsuitablepotentialssoasto expressthedesiredspatialdependencies.
A numberof modelshave beenproposedin the literaturefor variousapplicationsandwe refer the
readerto [25, 34] for a comprehensivereview.

2.2 The Ising model

TheIsingMRF modelis oneof themostwidespreadbecauseof its verymanageableform [2]. It can
bede�ned bothon �

6 and �

1 , but in thelattercaseonly two-sitecliquesaretakeninto account.For
eachcliquea potentialis de�ned as

	

�

�D�

�

� �

	

�

�����

�

���

� �����

if �����

�

���

�

�

��� �



� otherwise
(6)

Single-sitecliquesarenot usedbecausethereis no reasonto favor a labelover another, andlarger
cliquesareneglectedto speed-upprocessing.Oncegiventhepotentialfunctions,theglobaldistri-
bution � �D�

� is completelyde�ned,andthelocal characteristics� �D�

�

( �KE�G

�JI

� canbeexpressed[18] as

�����

�
��-

( �KE�G

�JI
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C � (7)

INRIA



TS-MRFfor imagesegmentation 9

s

u u
u

u

s

u

u
u u

u�
�

�
u u

@
@

@u

Figure 3: Pixel 	 and its neighbors in the �

6 (left) and �

1 (right) system. In the �

1 system
diagonal two-site cliques can be used (neglecting more complex cliques for �

1 which are
often dropped in practical models).

where
�

3 (
�  

3

) is thenumberof neighborsof 	 with label - (differentfrom - ).
With this model,the vectorof parameters

�

associatedwith the prior model �����

� reducesto a
singleparameter

���

� , interpretedasan “edge-penalty”. In fact, when
�

� � all realizations
areequally likely, whereaslarger valuesof

�

tend to penalizenon-homogeneouscliquesmaking
smootherrealizationsmoreandmorelikely. Of course,

�

is not known a priori, andmustbe esti-
matedtogetherwith � .

2.3 Optimization

Assumingthatonehasbeenableto selecta satisfactorymodelfor theprior distribution, theprob-
lemremainsof maximizing� �D�

�

���

�

( �

� over � , which is whencomputationalcomplexity becomesa
dominantconcern.It canbeshown that �����

�

���

�

( �

� is itself a Gibbsdistribution,andits maximiza-
tion canbecarriedout via thesimulatedannealing(SA) technique[18], but only underconditions
(a very slow cooling schedule)thatmake it unfeasiblein practice.Usinga fasterschedule,on the
otherhand,compromisesSA'soptimality. Gradient-basedalgorithmstendto remaintrappedin local
optimaastheobjectivefunctionis in generalnon-convex. This is thecaseof theiteratedconditional
modes(ICM) algorithm[34], structurallysimilar to theSA but muchfaster, which is why it is often
thealgorithmof choice.Evenresortingto theICM, andhencerenouncingglobaloptimality, compu-
tationalcomplexity remainsthemajorbottleneckof MRF-basedsegmentation,andtheproblemonly
worsenswhenthereis noa-priori knowledgeon theimage,namelyin unsupervisedsegmentation.

2.4 Estimation

Quiteoften,indeed,anumberof importantparameterssuchasthenumber� of labels/classesin the
image,theparametersof thelikelihoodterm � �

�

( �

� , andtheparametersof theGibbsprior ���D�

� , are
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not known, andmustbeestimatedfrom thedatatogetherwith thesegmentation
�

� itself. Thesingle
mostcritical parameteris by farthenumberof classes� , sinceit in�uencesheavily all otheraspects
of segmentation.

The problemof determiningthenumberof classesin a dataset,or clustervalidationproblem,
hasreceived a greatdeal of attentionin the literature[13], with mixed and inconclusive results.
As a matterof fact, in a real-world image,thenumberof differentsegmentsthat canbe identi�ed
varieswildly accordingto theuser'spointof view. In a remote-sensingimage,for example,asingle
segmentlabeledas“urban area”in oneapplication,could be further partitionedinto smallerseg-
mentsin anotherapplication.In theabsenceof prior informationon theapplication,bothsolutions
areequally reasonable,andboth shouldbe preserved to let a humaninterpreterhave a �nal say.
Although someef�cient strategieshave beenproposedto addressthe clustervalidationproblem,
especiallyin thecontext of split-and-mergeapproaches,this is still oneof themainreasonsfor the
increasein complexity goingfrom supervisedto unsupervisedsegmentation.

Another reasonis the needto estimate,togetherwith the segmentation,the parametersof the
involveddistributions,collectively representedby a randomvector �

�

�

�

�

�

�

� � � �7! "$� %

'�� �

� �D�

� �

(

�

� (8)

Sinceexact joint optimizationis computationallyintractable,a two-stepprocedureis often used.
First, the modelparametersareestimatedfrom the observed data,following for examplean ML
approach,thentheMAP segmentationis carriedout in a secondstepusingtheestimatedparameter
values.A numberof techniquescanbeusedto performtheML parameterestimation,suchasthe
EM algorithm and its numerousvariants,or the similar but more generalICE [31]. Except for
somesimplecases,however, thesealgorithmsdo not have ananalyticalclosedform, andarequite
computationallyexpensive. For this reason,we will resortto the suboptimal,but muchsimpler,
alternatingmarginal optimization(

�

� and
�

�

arealternatelyoptimizedgiven eachother)which can
be viewed asan approximationof the two stepEM-approach,andhasbeenobserved to provide
comparableresultsin variouspracticalsituations[27].
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3 Tree-structuredMRF model

Thealgorithmdiscussedhere,andproposedin its basicform in [28], is basedontherecursivebinary
segmentationof imageregions. As discussedin Section1.3,commonlyusedMRF modelsimpose
someconstraintson the clique's potentialfunctionsin order to reducethe numberof parameters
involvedin themodel. Let usconsider, in particular, the Ising model,wherethepotentialfunction
of a two-sitecliquedependsonly on thepresenceor absenceof anedge(aclasstransition),without
regardto involved classes.As a consequenceoneparameteris suf�cient to de�ne the model. If
we removesucha constraintandusea differentpotentialfunctionfor eachdifferentpair of classes,
a muchlarger numberof parametersbecomesnecessary, 6

1

�

� � 	 �@� where � is the numberof
classes.In thisgeneralizedIsingmodel,thelocal characteristicswill become

� �D�

� � -

( � E�G

�7I

� �

	

�

8

%5:�;<� �

���

�

3

�

3

�

�

�

C � (9)

where
�

3

�

�

�

�

3 , -

�

��� , is the edge-penaltyparameterfor a transition - ��� , and
�

is againa
normalizingconstant.Accordingly, thecliquepotentialswill bede�ned as

	

�

�D�

�

� �

	

�

���
�

�

�
�

� �
�

�

3

� if ���

� -

�

�

� �

�����

�

��� �



� otherwise
(10)

Starting from this very generalmodel, it is possibleto reducethe numberof parametersby
takinginto accountsomeclassproperties.Looking at theexampleof Fig.1, it is easyto realizethat
thewhite (w) andgray(g) classeshave thesamerelationshipwith theblackclass(b), that is, a b-w
edgeis statisticallyequivalentto a b-g edge.Therefore,only two independentparametersshouldbe
usedinsteadof three.Suchclasspropertiescanbeeasilyrepresentedby meansof a hiddenbinary
structure3 (seeFig.2). In theexampleconsidered,the two relevantparametersareassociatedwith
thetwo internalnodesof thetree.Theformer, associatedwith theroot, controlstheedgesb-w and
b-g (which areassumedto beequivalent),while the latter, associatedwith theotherinternalnode,
controlstheedgesw-g. In otherwords,at the root level, whereb is split from w andg, it doesnot
matterif a siteis labeledasw or g, but only if it falls into themacro-classwg(mergingof w andg).

In general,givena binary structurewith � terminalnodes,the numberof internalnodes,and
hencethe numberof parameters,will be � � 	 , ratherthan 6

1

�

� � 	 �@� . More in general,even
consideringnon-isotropicmodelsand/ormoresophisticatedcliques,onegetsthe sameparameter
reductionratio ( �	� � ) betweena completeunconstrainedmodelandthe“tree-structured”dualone.
Looking at theestimationproblem,if thedatacanbewell representedby this kind of structure,the
informationavailableto estimateits few parameterswill increase,resultingin betterestimates.

3.1 Theoretical tr ee-structured MRF

Let us�rst de�ne atheoreticaltree-structuredMRF model,andlaterthemodelthathasbeenactually
implemented.To this end,let usconsidera binary tree 
 , identi�ed by its nodesandtheir mutual

3A moregeneraltree-structurecanalsobede®ned,but weconsideronly binarytreesherefor thesake of simplicity.
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1= ���

2= ����� 3= �����

4= �������

5= ����� �

6=����� �

7= �������

8= ���������

9
10

11
12

13
14

15=���������

Figure4: Treeindexing.

relationships.Exceptfor theroot, eachnode 	 hasoneparent
 ��	

� , andeachinternalnodehastwo
children � �	

� and � ��	

� , with 


;

� �	

�DC �




;

���	

�DC �

	 . We alsode�ne
�




� �

	

�


���� ��	

� �

� ��	

� ��� � ,
thesetof terminalnodesor leaves,and 


�




�

�


 , thesetof internalnodes.
We will useintegernumbersto index thenodesof thetree,aswell asall itemsassociatedwith

them,sothatroot � 	 , � ��	

� � �

	 , � ��	

� � �

	��

	 and
 ��	

� ���

	

� ��� (seeFig.4).Notethateachterminal
nodecorrespondsto a class,while eachinternalnodecorrespondsto both a merging classandan
edge-penaltyparameter. In orderto de�ne the modelit is helpful to usethe binary representation
of the indexing integers. Let � �	

� be the function that convertsa non negative integer 	

��� to
its correspondingvariable-lengthbinary code 

��� , whereall leadingzerosare discarded(see
thebalancedtreeof Fig.4), andlet � � be thecorrespondinglength. Let usalsode�ne the function

!

�"

��# �

�

�%$&�(')� which returnsthe longestcommonpre�x of " and # . It' s easyto checkthat
!

�"

��# � givesthenearestcommonancestornodeof " and # .
We now de�ne a tree-structuredMRF throughits local characteristics,still expressedby (9), but

with theadditional 6

1

�

�

� �+* �

�

	 constraints

�

3

�

�

�

� �

�

�

� (11)

for �

- � � � and � �

����� suchthat

!

�,� �

- � �

� �

��� � �

!

�� � �

�
�

� �

��� � �

� �	

� � (12)

with -

�

� � , � �

� � , �

- � � �

�

�

� �

����� .
Reorganizingthe termsin (9) we canexplicit the local characteristicswith respectto the non-

redundantparameterset �

�

�

�

�

,

?

asfollows:

�����

�
��-

( �KE�G

�JI

� �

	

�

8

% :0; �

-/.

A

6

�

0

�

6

�21�354

G

3

4

�767676 �

398

I

�

1
354

G

3

4

�767676 �

398

�

3�8 :

4

I

C � (13)

with � �

- � �

�

-

6

�
�
���-

-;.

� . Here, when � correspondsto an internalnode, �

� � � meansthat
	 belongsto oneof the descendantclassesof � , and

�

� is the numberof neighboursof 	 which

INRIA



TS-MRFfor imagesegmentation 13

belongto oneof suchclasses.For example,with referenceto Fig.2,wehave

���D�

� � 	��

( �KE�G

�JI

� �

	

�

8

%5:�; �

�

6

���

�

�

1

���

�

��� �

6�6

C (14)

�

	

�

8

%5:�; �

�

6

�

�

6

1

�

�

6

�

�

�

6

�

�

�

6

�

���

�

1

�

���

�

���

���

�	� �

6�6

C

Thecliquepotentialsareexpressedby

	

�

�D�

�

� �

	

�

�D���

�

� �

� �����21 354

G�
�G

1

G

3

I

�

1

G

�

I I I if ���

��-

�

�

���

� � �

�

��� �



� otherwise
(15)

Now wede�ne thefunction
�

� �D�

� whichgivesthenumberof cliquesin themap � with edge-penalty
�

� . With this position,thejoint probabilityof theTS-MRFbecomessimply

���D�

� �

	

�

8

%5:�;<���

�

,

?

�

�

�

� �D�

�DC  (16)

Thecomplexity of thismodelcouldstill seemprohibitivefor apracticalimplementationbecause
of thedimensionalityof theparameterspace,dependenton thenumberof classes,thatmakesvery
hardtheoptimization.However, thanksto thestructuralconstraintsof themodel,a recursive opti-
mizationprocedurecanbe usedwhich, althoughsub-optimal,involvesonly oneedge-penaltyat a
time.

3.2 Recursivepropertiesof TS-MRFs and optimization

Let usconsiderfor eachnode	 of a tree 
 ,

• a setof sites

��

 , correspondingto asegmentof theimage(in particular�������� �  );

• a binaryrandom�eld �

�

� �

�

�

�

�

	 ��

�

� , with realization�

� where�

�

�

� �

� ��	

�
�

� ��	

� � .

Now we imposethe additionalconstraintthat the set of sitesassociatedwith any given nodeis
obtainedfrom the binary segmentationof theparentsetof sites. More formally, for eachinternal
nodeof thetree 	

�


 �

��

G

�

I

� � 	 ��

�

� �

�

�

�

� ��	

� �

��

G

�

I

� � 	 ��

�

� �

�

�

�

���	

� �

(17)

Therefore,thetree-structuredMRF � is completelygivenby thesetof binary �elds �

�

�

�

�

,

?

and
vice-versa, thatis

�

���

�

,

?

�

�

 (18)

Let usde�ne, now, ����	

� � � � �




���

	

�

�2� �

� � is a pre�x of � �	

� � , thesetof theancestornodes
of 	 , and ���

G

�

I

� �

�

�

�

�

,

�

G

�

I , thesetof theancestor�elds of 	 (of course,���

	 � �

���

G

6

I

� � ).
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Observethat,exceptfor �

6 , each�eld �

� dependson theancestor�elds �

� �

G

�

I

� , in particular, the
very samedomainof �

� is �x edoncetheancestor�elds arespeci�ed. On theotherhand,givena
realization�

�

�

�

3

�

3

,

?

, thenumber
�

�

�

�

� �D�

� of cliqueswith edge-penalty
�

� dependsonly
on �

� and,for theaboveconsiderations,on � �

G

�

I

, while it is independentof othercomponentbinary
�elds. As a consequence,thejoint probabilityof theoverall �eld (16)becomes

�����

� �

	

�

8

% :0; ���

�

,

?

�

�

�

� ���

�

�

�

�

G

�

I

�DC (19)

� *

�

,

?

	

�

�

8

% :0; �

�

�

�

� �D�

�

�

�

�

G

�

I

��C@ (20)

It is alsoeasyto prove that, for eachnodein the tree,given �

� and ���

G

�

I

, thesetof �elds which
lie on the left sub-treestemmingfrom 	 is independentfrom thesetof �elds which lie on theright
sub-tree.As anexample,for thestructurein Fig.4we canwrite

���D�

�

�

�

�

�

�

1

( �

�

�

�

�

�

�

�

�

�

6

� �

� �D�

�

�����

�

�

�

�

�

�

�

�

� 6

�

(21)
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�
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C (24)

�

�����

�

�

�

�

�

�

1

( �

6

� � (25)

whichprovestheindependence.In asimilarway, it canbeprovedthat�����

�

( �

�

�

�

1
�

�

6

� �

� �D�

�

( �

1
�

�

6

�

andsoon. More in general,thanksto theabove property, by a recursive useof theBayestheorem
wehave

� �D�

� � *

�

,

?

���D�

�

( �

�

G

�

I

�� (26)

Note also that, given the ancestor�eld �

6 , the �eld built on the sub-treewith root in 	

� � ,
���

1
�

�

�

�

�

�

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

G

�

I

, the terminalbinary �elds �

� (associatedwith terminalsplits)areIsing
MRFs,thatis

� �D�

�

( �

�

G

�

I

� �
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�

I

�

8

%5:�;<�
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�

C � (27)
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Thispropertydoesnotholdfor non-terminalbinary�elds, because,in thiscase,thepartitionfunction
�

is itself a functionof �

� . For examplewehave

�����
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( �
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I
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C  (30)

In other words, not all the termsof (26) are Ising distributions, as onecould believe for the
similarity between(20) and(26). Nonetheless,in orderto �nd a MAP estimateof a segmentation
with TS-MRFprior probability, onecanrecursively maximizethe termsin (20), togetherwith the
likelihoodparts,startingfrom the root anddescendingthe treeuntil all leavesarereached.Each
termdependsonly onabinary�eld �

� onceits ancestor�elds �	�

G

�

I

aregivenand,also,it doeshave
anIsing form. As aconsequence,eachonecanbemaximized,just likewith anordinaryIsingMRF,
by usingsimulatedannealing,ICM, etc. Note,again,that in thestepcorrespondingto node 	 , only
theparameter

�

� mustbeestimated,andthat
�

� is a suf�cient statisticfor
�

� . Therefore,whenthe
prior parametersareunknown, estimation-maximizationprocedurescanbeusedagainfollowing a
recursiveschedule.

Finally, we underlinethateachbinary�eld �

� , exceptfor theroot �eld, makessenseonly once
therealization�	�

G

�

I

of its ancestor�elds aregiven,sinceit is de�ned on anirregular (that is, non-
rectangular)latticewhoseshapeis a resultof ���

G

�

I

.

3.3 Model extension

To build theTS-MRFmodelwe startedfrom theIsing model,generalizedit, and�nally introduced
somestructuralconstraints. More generally, one can start from any MRF model whoseenergy
functiondependslinearlyon theparametervector, sothatits distributioncanbeexpressedas

�����

� �
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C@ (31)

where
�

�

�

�
�
indicatesthescalarproduct,

�

� is theparametervectorfor node	 , and
�

�

�

�

� ���

�

�

�	�

G

�

I

�

is a vectorfunctionwhichdependsonly on �

� and,of course,its ancestor�elds ���

G

�

I

.
In orderto getsuchanexpression,eachcliquepotentialmustbea functionof two labels(which

arerelatedin sameway by the �x ed hierarchicalstructure).Therefore,if cliqueswith morethan
two sitesareconsidered,sucha conditioncannotbesatis�ed. However, if all cliquepotentialsare
linearcombinationsof termsthatdependeachona coupleof labels,thenthemodelis still valid for
tree-structuredextension.

Given the above consideration,we canpoint out that the TS-MRF model is quite generaland
�e xible, allowing to usehigh-ordercliques(e.g.,theChienmodel[11, 12]), for a speci�c coupleof
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classes,while all theothercouplesaredescribedby muchsimplercliques.This couldbeuseful,for
example,whentwo classesarehighly correlatedandveryhardto divide. In suchacaseonly anhigh-
orderinteractionMRF modelcanprovidegoodresults,but sucha modelwould becomputationally
intractablewhende�ned on thewholeimageandfor all theclassesinto it. On thecontrary, we can
usesuchmodelonly for a terminalsplit of anadhocTS-MRF(thesplit of thetwo highly correlated
classes).By doingso,therecursiveoptimizationof theTS-MRFwill havea reducedcomputational
burdenonalmostall thetreeexceptfor thelimited regionwherethecomplex modelis used.

3.4 Adaptive Ising model

We presentnow a MRF model,referredhereas“adaptive” Ising,whichprovedto beusefulasbasic
componentfor a tree-structuredmodel,especiallyin thepresenceof low resolutiondata.Both in the
TS-MRFcaseandthe�at-MRF case,duringthesegmentationprocessseveralregionboundariesare
“fragmented”,namely, therearemany boundarypixelswhich areassociatedwith noneof theadja-
centregionsbut have a differentlabelattached.Quiteoften this phenomenondoesnot correspond
to a groundtruth, namely, thereis no actual“third” region betweenthe two neighboringregions.
Instead,it is likely due to the �nite resolutionof the sensorwhich, in boundarycells, happento
integratecontributionsfrom several landcovers,creatinga spectralresponsethat is quitedifferent
from thoseof theadjacentregions.Therefore,in boundarycells,observeddataarenotveryreliable.

In abinarysplit, thepixel is attributedto oneof thetwo adjacentregions,but whenthis regionis
furthersplit, verylikely this“uncertain”pixel will beerroneouslyclassi�ed.Fig.5clari�es thispoint
by showing how fragmentationarisesin a small region selectedfrom a largerimage.The�rst split
separatesthebright region on theleft from thedarkregion on theright: someboundarypixelswith
intermediatecharacteristicsareclassi�edasdark. Thesecondsplit operateson thedarkregion and
furtherdividesit: atthispoint,becauseof theirmixednature,someof theformerboundarypixelsare
now attributedto thewrongsubregion. Obviously, this makesmuchlesssensethanchoosingeither
oneof theneighboringregionsandshouldbeavoidedunlessthedatagive a clearindication. In the
selectedexample,the segmentationmapshows that alongthe boundarybetweenthe two regions
therearepixelswrongly classi�edasbelongingto otherclasses.

It is clearthat thedataby their very naturetendto causesuchwrongsegmentationsnearregion
boundaries,andin factthisphenomenonarisesjustaswell when�at MRF modelsareused.In addi-
tion, prior informationdoesnot helpcorrectlyresolvingsuchties,becausethemixedneighborhood
givesfuzzy indications.However, whena tree-structuredsegmentationis used,a simple�x is avail-
ableto makebetteruseof contextual information[15]. In sucha solution,theweightof thecontext
versusthe likelihood(dataattachment)variesspatially, by varying the edge-penalty

�

which con-
trols theprior distribution. In particular, a parameter

�

, estimatedwith classicalapproaches,is used
almosteverywhereexcepton thecliqueswhichareneighboursof boundariescomingfrom ancestor
splits,wherea largerparameteris usedaccordingto a reasonableheuristic(see[15] for details).
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(a) (b) (c)

mixed 
pixel 

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 Supervisedsegmentationof SPOT multispectral images

4.1 The posterior model

Theprevioussectiondealswith theprior probabilisticmodelusefulfor contextual imagesegmenta-
tion, andin particularwe introducedtheTS-MRFmodelanddiscussedits properties.Now we look
at the joint distribution �����

� ��� to maximizein orderto get theMAP estimateof thesegmentation
(1), thusincludingthelikelihoodterm� �

�

( �

� . It is easyto provethatthisis still anMRF distribution,
approximativelyof thesamekind of �����

� . In particular, they differ only for theintroductionof unary
cliquesin theposteriormodel,which takesinto accountthelikelihoodprobability. In fact,using(2)
and(3) we get
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wherewe de�ned theunarycliquepotentialfunctions4

�

	

�

���

� � -�� �

	

�

���

( 2
3

(��

	

�

�

� ���>=

3

�@?

2
A

6

3

�

� ���>=

3

�� (35)

Therefore,for eachMRF prior �����

� , with cliqueset � andpotentialfunction
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� , we canexpress
theposteriordistributionas
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� if  is a cliqueof � or a
singlepixel respectively.

Let usnow considertheTS-MRFcase,andin particularthebinary�eld �

� associatedwith node
	 . Let �
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� bethesetof datawhoselabelsbelongto somedescendant
classof 	 , which is known given ���
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. As we saidbefore,each�

� canbeconsideredasa binary

4Weneglectedthedependenceof 
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��� # from �

�

sincethedata� aregiven,i.e. constantin theproblem.
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Ising �eld in orderto implementtherecursivemaximizationprocedure.Indeed,wehaveto consider
aposteriordistributionwrittenas
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Here,the likelihoodterm ���

�
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G
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� needsto be betterde�ned. In fact, sincethe descendant
�elds of node 	 areunknown for thetime being,we areonly deciding,for eachsite,if it belongsto
someof the left or right descendantclasses,without exactly specifyingwhich one. Therefore,we
don't know whichnormaldistributionsto useto carryout thetest.

To solvethisproblem,weproposetwo strategies.The�rst one,betterdescribedin section5, and
usefulfor unsupervisedsegmentation,makesuseof anauxiliarynormaldistributionfor eachinternal
nodecorrespondingto a “template” classseenasthe merging of moreclasses.This is necessary
because,in theunsupervisedTS-MRFalgorithm[17], neitherthe treestructurenor theclassesare
known in advance;theseareprovidedautomaticallyby the recursive treegrowth procedurewhich
is basedon statisticaltests,local to eachnode, that indicateswhetherthe classmust be further
split or not. The secondstrategy, that we are going to describehere,is a more naturalsolution
in the supervisedcase. Nonetheless,it canbe easilygeneralizedaswell for usein unsupervised
segmentation.

Let usconsiderthe left, � �	

� , andright, � �	

� , childrenof an internalnode 	 , andde�ne � �
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-�� is a pre�x of � ��	

� � , the setof the descendantleavesof - . Now we cande�ne the
likelihoodtermsof (39)as
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where �

�

�

� �

� ��	

�
�

� ��	

� � and ���

� �

( �

� � -�� arethe normaldensitiesgiven in (3). In otherwords,
to decideif the currentsite shouldbe assignedto the left or right node, the best two Gaussian
distributionscorrespondingto “true” classesareconsidered,onebeingthe most likely in � �,� ��	

� � ,
theotherin � � � ��	

� � . This way to proceedmeansthatthetree-structureinvolvesonly theprior MRF
modelwhile nostructuralconstraintsaretransferredon thelikelihoodterm ���

�

( �

� .
Notethatthebest�tting Gaussianchosenat this point is only a temporarychoice,takento well

�t thedataduringthis intermediatesplit, but furthersplitscanchangesuchdecisionbasedonnewly
availablecontextual information.

4.2 SPOT imageof Lannion Bay

The supervisedTS-MRF algorithm was appliedto SPOT satellite images. The scene(Fig.6) is
composedof three 	���� � $ 	�� ��� imageswith different wavelengthsin the visible spectrumand
representstheBayof Lannionin Francein August1997.Thegoalof thisstudywasto determinethe
landcoverof this area.Soasto reachthis aim, thegeographersof theCostellaboratory(University
of Rennes2) built a list of eightclassi�cationcategories:seaandwater, sandandbaresoil, urban
areas,forestsandheath,temporarymeadows,permanentmeadows,vegetables,corn.
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ChannelXS1 ChannelXS2 ChannelXS3

Figure6: SPOT multispectralimageof LannionBay (1480x 1024). August15,1997.

(a)Learningset (b) Testset (c) Classes

Seaandwater

Sandandbaresoils

UrbanAreas

Forestsandheath

Temporarymeadows

Permanentmeadows

Vegetables

Corn

Figure7: Ground-truth.Trainingset(a),validationset(b) andclasses(c).
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Thanksto bothtestson thelandandphotointerpretation,they werealsoableto providesamples
of theseeightcategoriesonthemultispectralSPOT imageof thescene.Someof them(learningtest)
wereusedto learnthemeanspectralresponseandtheinter-bandcovariancematrixof eachcategory,
sothatwecouldperformsupervisedclassi�cations,while theremainingsamples(testset)werekept
to assesstheaccuracy of theclassi�cations(seeFig.7).

4.3 Accuracy assessmentmethod

By theuseof thetestset,theaccuracy of eachclassi�cationmethodisassessedbasedonitsconfusion
matrix. Recallthattheentryof � th row and� th columnof thismatrix is thenumberof samplepixels
from � th classthathavebeenclassi�edasbelongingto the � th class.

Variousindicatorsarederived from this matrix. First, two error assessmentscanbe computed
for eachclass:Theuser'saccuracy of class� is de�nedas "����

�

"���� , where"��	� is the � th row marginal
(sumof row entries);conversely, theproducer'saccuracy of this classis de�ned as "
�	�

�

"���� , where
"���� is the � th columnmarginal.

Besidethesetwo class-basedparameters,threeglobalquality indicatorsarealsocomputed.The
overallaccuracy of themethodde�ned as �

� �

�

"
���

�

�

, is thepercentageof samplepixelsthatare
well classi�ed. Basedon theconfusionmatrix, anotherindicatoris theso-calledKappaparameter,
which is de�ned as 
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1
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�

"
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� . Finally, it might beadvan-
tageousto normalizetheconfusionmatrix with theiterativeproportional�tting algorithm,suchthat
all columnandrow marginalsareequalto 1 [9]. Theoverall accuracy computedon this modi�ed
matrix is thenormalizedaccuracy �

0��

��� .

4.4 Referencemethods

Several researchersworking on segmentationhave usedthe SPOT dataof Fig.6 and,asa conse-
quence,we canbene�t from thenumericalresultsthatthey have obtained[5, 19, 32]. We collected
the available informationasbelongingto two differentexperiments,oneperformedon the whole
image( 	���� � $ 	H� ��� ) andanotherperformedonasmallersub-imageof it ( � � � $ � � � ). Someof the
segmentationmapsandnumericalresultsobtainedby suchmethodswerenot availableand/ornot
publishedandwereeventuallyneglected.

Thereferencemethodsarelistedbelow:

• MD, minimumdistance;

• ML, maximumlikelihood;

• DA, discriminantanalysis;

• ISING, IsingMRF optimizedby ICM;

• H-MAP (H-MPM), hierarchicalMRF modeloptimizedby MAP (MPM) criteria;

• M1X andM2X, two variationalmodels.
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Seaandwater

Sandand
baresoils

Urban
Areas

Forestsandheath

Temp.
meadows

Perm.
meadows
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1

2

4

8 9

17 19

Figure8: TS-MRFstructurefor thesegmentationof theSPOT image.

MD, ML andDA arewell known spectralsegmentationtechniques,while ISING is a MRF-based
contextual segmentationalgorithm. Suchtechniqueswereusedasreferencein the PhD thesisof
AnnabelleChardin[5, 19], wherea hierarchicalMRF modelwasproposedproviding two imple-
mentation:H-MAP andH-MPM. Lateron,two variationalmethods,M1X andM2X, wereproposed
by C.Samsonet al. [32] andcomparedwith MV, ICM andH-MAP, experimentingon the small
SPOT image.

4.5 TS-MRF implementations

All thealgorithmscitedabove, aswell astheTS-MRFversionsusedfor thesameexperiment,are
supervised,meaningthat thenumberof classesandtheassociatedparametersareestimatedon the
learningset.However, for theTS-MRFonehasalsoto selectoneof thepossiblebinarystructures,
whoseleaveswill correspondto theclasses.Suchachoiceis crucialand,assaidin theintroduction,
it hasto re�ect the “intrinsic” structureof the data,which meansthat the classeshave to grouped
together, hierarchically, takinginto accounttheir mutualspatialandspectralcorrelations.Although
in thecaseof unsupervisedTS-MRFatestparameter, namedsplit-gain, helpsto automaticallysolve
thisproblem,in this casewe de�ned thestructureto use(seeFig.8)by inspectionof thedata.

We remark,also,thatall thereferencealgorithmsassumethethreespectralbandsof theSPOT
imageto beuncorrelated,namely, thecovariancematrix for eachclassto bediagonal,andcompute
only thevariancesfor eachband.Therefore,in ourexperiments,weusedbothuncorrelatedbands,to
getafair comparison,andcorrelatedbands,to show therelativeeffectivenessof thissecondmethod.
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In addition,we consideredother two choices,onewhereonly binary Ising MRFs are associated
with eachnodeof the tree,theother, calledmixedsolution,is similar to thepreviousonewith the
exceptionof the two nodes9 and 19 whosecorresponding�elds are “adaptive” Ising. This last
solutionprovidessomeimprovements.Eventually, we implementedfour TS-MRFversionswhich
wewill referas

• TS.U,uncorrelatedchannelsandIsingcomponents,

• TS.U+,uncorrelatedchannelsandmixedcomponents,

• TS.C,correlatedchannelsandIsingcomponents,

• TS.C+,correlatedchannelsandmixedcomponents.

Finally, for eachbinarysplit we usedanestimation-maximizationschedulesimilar to thatpro-
posedin [22], but with theuseof ICM insteadof simulatedannealing,estimatingtheedge-penalty
parameterby MPL (“Maximum Pseudo-Likelihood”) [2].

4.6 Experimental results

The �rst experimentpresentedherewas carriedout on the whole SPOT image. Classi�cations
performedby the four TS-MRF solutionsareshown in Figures10-13,while the resultof H-MAP
is shown in Fig.9. We alsopresenttheconfusionmatrices,with theassociatedclasswiseaccuracies
(producer'sanduser's accuracies)in Tables1-4, both for referencemethods(found in [5]) andfor
TS-MRFalgorithms.Theglobalaccuracy indicatorsfor all theseclassi�ersaregatheredin Tab.5.

By inspectionof the global indicators,we observe that contextual outperformnon-contextual
onesand,also, that TS-MRF methodsin generalperformbetterthanreference,even considering
only uncorrelatedbands. However, global accuracy indicatorshide deepdifferencesof behavior
betweentheclassi�ers,sowenow proceedto a detailedclass-basedexaminationof results.

Waterclassi�cationaccuracy is veryhigh for all theclassi�ers.For baresoils,all theresultsare
alsorathergoodin termsof producer'saccuracy, whichneverdropsbelow 87%,andde�nitely good
for user'saccuracy, alwaysabove96%.Hence,theseclassesdonot contaminatetheothers.

For otherclasses,resultsshow signi�cant variations. Urbanareasaccuracy rangesfrom 57%
(MD) to 95%(TS.C)in termsof producer'saccuracy andfrom 66%(ML) to 81%(DA) in termsof
user'saccuracy. With respectto this class,thebetterclassi�ersseemto beH-MAP andTS-MRF. In
particular, in this casetheuseof correlatedbandssigni�cantly improvestheclassi�cation,asmade
clearby accuracy indicatorsor by theclassi�cationmapsthemselves. For example,a trackwhich
crossesthe sceneis well detectedby TS.C and TS.C+ (seeFigures12 and 13), while is missed
by all the othercontextual classi�cations,including thosenot shown here(seeagain[5]). For the
forest/heathclass,contextual classi�ersandML provide user's andproducer's accuraciesthat are
slightly betterthanthoseof DA andMD.

Although all resultsarebadfor meadows, dueto a very high overlapbetweentemporaryand
permanentmeadows,theTS-MRFclassi�ersgive muchbetterresultsthantheothers.This remark-
ablecasemakesclearthebene�tsof usingtheproposedtree-structuredmodel.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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Figure11: Classi�cationby TS.U+
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Figure12: Classi�cationby TS.C

RR n° 5062



28 G.Scarpa

Figure13: Classi�cationby TS.C+
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Discriminant Analysis
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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.'s acc. 98,6% 89,0% 67,7% 92,6% 29,0% 11,9% 0% 85,6%

Minimum distance
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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.'s acc. 98,2% 87,2% 57,3% 87,6% 29,2% 13,9% 20,0% 84,0%

Maximum Lik elihood
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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.'s acc. 95,1% 88,3% 60,5% 95,5% 35,4% 16,5% 0% 85,4%

Table1: Confusionmatricesfor severalspectral-basedclassi�cationsperformedonthewholeimage.
Theentryof � th row and � th columnis thenumberof samplepixels from � th classthathave been
classi�edasbelongingto the � th class.

RR n° 5062



30 G.Scarpa

Ising MRF
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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

Prod.'s acc. 94,9% 91,8% 66,2% 96,4% 36,2% 15,5% 0% 86,9%

H-MAP
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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.'s acc. 95,1% 89,9% 76,7% 95,9% 40,8% 13,7% 0% 86,9%

H-MPM
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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 91 213 452 777 58,2%
Total 555 1491 468 1591 390 394 5 506 5400

Prod.'s acc. 94,6% 90,7% 91,7% 97,4% 44,1% 7,9% 0% 89,3%

Table2: Confusionmatricesfor several contextual-basedclassi�cationsperformedon the whole
image.
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TS.U
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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.'s acc. 94,9% 90,1% 88,9% 95,4% 56,7% 16,0% 0% 86,2%

TS.U+
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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.'s acc. 94,9% 91,1% 88,9% 95,4% 56,7% 16,0% 0% 86,2%

TS.C
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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

Prod.'s acc. 97,8% 92,2% 94,7% 96,7% 66,4% 31,2% 0% 72,1%

Table3: Confusionmatricesfor severalclassi�cationsperformedon thewholeimageby TS-MRFs.
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TS.C+
water bare urban forests/ tempor. perman. veget- corn User's

soil areas heath meadows meadows 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

Prod.'s acc. 97,8% 93,7% 94,9% 96,7% 66,4% 31,2% 0% 72,1%

Table4: Confusionmatrix for aTS-MRFclassi�cationperformedon thewholeimage.

Methods DA MD ML ISING H-MAP H-MPM TS.U TS.U+ TS.C TS.C+
� 78,8% 75,9% 79,3% 81,1% 81,6% 83,5% 83,8% 84,1% 86,1% 86,5%
� 73,8% 70,5% 74,3% 76,5% 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 theglobalaccuracy indicatorsfor theclassi�cationsperformedon thewhole
image.

suchtwo classesareassociatedin the treewith the sameparentnode(seeFig.8) and,asa conse-
quence,arealwayskepttogetherand�nally split only oncetheir sharedregionhasbeensingledout
by ancestorsplits.

For vegetables,all resultsareverypoor. Sucha globalfailureshouldbemostlyattributedto the
insuf�cient amountof pixelsavailablefor thisclassin thelearningandvalidationsets.Cornregions
areratherwell extractedby all methodswith a minimumproducer'saccuracy of 72%but arequite
contaminating,with auser'saccuracy of theorderof 55%.

The secondexperimentpresentedhereconcernsthe small portion ( � � � $ � � � ) of the whole
scene(seeFig.14). We performedthis experimentin order to carry out a comparisonalso with
the variationalmethodsproposedin [32] which weretestedon this image. In Figures14 and15,
classi�cationscarriedout by TS-MRF methodsandreferenceclassi�ers areshown, while global
accuracy indicatorsaregatheredin Table6. For the two variationalmethodsM1X andM2X, only
theoverall accuracy � is available,andbasedon suchindicatortheTS-MRFclassi�erswork better
thanboth. As an aside,the comparative analysismadeabove with respectto H-MAP, ISING and
ML, is con�rmed on this small image.

By inspectionof theindicatorsassociatedto boththeexperimentsproposedit seemsthattheuse
of an adaptive Ising asbasiccomponentdoesnot improve the algorithm. However, we point out
thatoneof thethreeclassesinterestedby theadaptivemodelis thevegetableclass,whoseaccuracy
analysisis completelyunreliable.In addition,we expectto observe signi�cant differencesbetween
TS andTS+ in the classi�cation of mixed pixels (see[15]), that is boundarycells wherea class
changeoccurs.But thetestset(Fig.7) is composedof acollectionof homogeneous,“unconnected”,
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ChannelXS3 MaximumLikelihood

IsingMRF H-MAP

Figure14: SmallSPOT image( � � � $ � � � ) andsomeclassi�cations.

Methods ML ISING H-MAP M1X M2X TS.U TS.U+ TS.C TS.C+
� 65,1% 66,0% 70,5% 71,3% 70,0% 73,3% 73,3% 75,7% 75,8%

� 57,9% 58,8% 64,2% – – 67,4% 67,5% 70,2% 70,2%
�

� ��� � 51,5% 45,3% 50,1% – – 52,8% 52,8% 55,8% 54,5%

Table6: Summaryof theglobalaccuracy indicatorsfor theclassi�cationsperformedon thesmall
image.
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TS.U TS.U+

TS.C TS.C+

Figure15: Classi�cationsof thesmallSPOT imageby TS-MRFalgorithms.
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rectangularregions, with no mixed cells, so that no appreciableimprovementscan be observed.
Nevertheless,by visual inspectionof classi�cations(for instancein Fig.15) onecanseehow the
boundaryfragmentationis lessfrequentfor TS+with respectto TS; themostperceptiblechangeis
for vegetables(shown asblack).

Finally, we observe, for both the experiments,a noticeabledifferencebetweenthe algorithms
which usethe inter-bandcorrelation,TS.C andTS.C+,andall the others. In fact, a large region
alongtheseafront is classi�edasurbanareaby TS.C(+),while all otherclassi�ersput it in thebare
soilsclass,aswould seemreasonable.This anomalousbehaviour is certainlydueto the likelihood
model,signi�cantly changedby theuseof correlatedchannels,which indicatestheurbanclassas
morelikely. To provethis,wesegmentedtheimageby aML classi�er with correlatedchannelsand,
eventually, observed the sameanomaly. Of course,in this sense,the choiceof the learningset is
crucial.Likewise,in samearea,a groundstrip correspondingto vegetablesfor uncorrelatedmodels
is classi�ed aswaterby both TS.C and the correlated-bandsML classi�er, further validatingthe
considerationsmadeabove.
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5 Unsupervisedimagesegmentation

5.1 The unsupervisedTS-MRF algorithm

The natureof the TS-MRF modelsuggeststo addressthe unsupervisedsegmentationproblemby
usingtherecursive optimizationprocedurewith theadditionof a stoppingconditionat eachnewly
createdleaf in orderto decideon thegrowth of the tree. As a result,thenumberof classesin the
image(clustervalidationproblem), thatis thenumberof terminalnodesof thetree,is automatically
detected,asabyproductof thetreestructureitself.

We now describethealgorithmby �rst giving the initialization, focusingon the root (node1),
andthenthegenericstepwith referenceto a giventree.

At thebeginning,weconsiderthefollowing two hypotheses5:
�

���

� 


� � 	 � �

�

?

� �

�

6

� 


�

� � 	 � � ��*�� �

�

?

	

�

�

�

6

(41)

The�rst hypothesiscorrespondsto thecasein whichthewholeimage,associatedwith therootnode
( 

6

�  � �

6

� � ), is representedasa singleregion. Therefore,the observed dataaredescribed
by a singledistribution � �

�

6

� , whosemodelis known exceptfor someparameters
�

6 thatmustbe
estimatedfrom the datathemselves. Of course,in this casethe TS-MRF is empty, and all sites
have the samelabel attached.This is the only possiblecon�guration andin this sensewe de�ne

� �D�

�

6��

� � 	 , andalsowrite thedatadistribution as � �

�

6

(

�

6

� to make explicit that �

6 is described
throughthesinglesetof parameters

�

6 attachedwith node1.
The secondhypothesiscorrespondsto the casein which the imageis representedby two re-

gions. To single out such regions, a binary MRF �

6 is de�ned on 

6 , with potentials
	

6

�

���

�

that arecompletelyspeci�ed exceptfor someparameters
�

6

. The MAP estimateof the MRF
�

�

6 ,
with probability � �

�

�

6

� , divides the imageinto two new regions, 
1

� � 	 � 

6
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�

6

�

� � � and
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�

� *�� , with their associateddata�
1 and �

� .
Recallthatweassume,asit is usuallydone,thatthedataareconditionallyindependentgiventhe

labels,andhencetheir descriptionfactorsoutas���

�
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At this point, we comparethe two statisticaldescriptionsof the image,basedon a single-class

model(tree 
 ) or a two-classmodel(tree 
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), by checkingthecondition
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which,specializedfor 


� � 	 � , becomes

�

6

�

� �

�

�

6

�

	

$

���

�

6

(

�

�

6

�

���

�

6
(

�

6

�

�

	 (43)

If thetestsucceeds,namelythesplit gain
�

6 is greaterthan1, thetwo-regiondescription�ts thedata
betterandtheproceduregoeson,otherwiseit stopsandthesingle-regiondescriptionis accepted.

5Now, sincethetreestructureis not given,we make explicit referenceto it in notation,for instanceusing ��� to referat
theoverall ®eld � , where	 is a treestructure,to distinguishfrom ��
 thatis abinary®eld associatedto node� .
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Let usnow considera generictree 
 , thathasbeentemporarilyacceptedasour structure,with
associatedTS-MRF �

? , andlet � be a leaf of 
 that we aretestingfor a possiblesplit. The two
hypothesesundertestarethen

�
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(44)

wheretree 


�

� split � 


�

�

� is identicalto 
 exceptfor node � which generatestwo new leaves, �

�

and �

� +1,becominganinternalnodeitself. Toexplicitly test(42)for thegeneralcase,rememberthat
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andthesplit gainsimpli�es to
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It shouldbe notedthat the testdependsexclusively on region 

� . In fact,given
�

�

? themaxi-
mizationprocessoperatesonly on �	� , andtheMAP problemreducesto
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which is completelylocal to node� . If thetestsucceeds,thegrowth of thetreeandof theassociated
segmentationcontinuesin a similar way for eachnewly createdleaf, asif eachonewerethe root
of a new tree.Therefore,thetreegrowing processis accuratelydescribedby a recursiveprocedure,
whichcangoon in parallelfor eachnode.

The likelihoodpart in Eq.47, � �

�

� ( ���

� , is not expressedby Eq.40like in the supervisedcase,
becausethenumberof descendantleavesof � is now unknown. Therefore,wesupposeto haveonly
onedescendantfor eachof thetwo childrenof � , thusachieving agreedyoptimizationprocedure.

Theratio
�

� , referredto asthesplit gain,accountsfor thegainin descriptionef�ciency arising
from the split of leaf � . This interpretationbecomesmorecompellingif we take the logarithmof
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Initialize Tree
CheckNode(1)

?
� = argmaxt 2 eT Gt

?

� � � �

H H HH

HHHH

����
G� > 1 -no Stop

?yes

Split Tree(� )

CheckNodes(2� , 2� +1)

-

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

�

� andregardit asthedifference
���

!

�

�

���

� 


�0���

� 


�

� betweentheself-informationassociated
with eachof thecompetingTS-MRF's6. If theself-informationis agoodindicatorof thedescription
complexity, thena positive log split gain indicatesthat the new descriptionof the observed data
is “simpler” thanthe precedingone,andhencepreferable(accordingto Occam's razor). In more
detail,a split hasalwaysa cost, ���

�

�

�

��� 	 , dueto theneedof describingthesegmentation
�

�

� , but
alsoa value,� �

�

�

(

�

�

�

� �

���

�

�

(

�

�

�

�

	 , becausethedataaremoreaccuratelyrepresented,in eachnew
segment,by their local parameters.A positive

���

!

�

� indicatesthat theoverall bene�ts outweight
thecost.

Fig.16showsa high-level �o w chartof thesegmentationalgorithm.To improve readability, the
procedureis sequentialratherthanrecursive, andonly oneleaf at a time is split, the onewith the
largestsplit gain(theexperimentswill follow this conventionaswell).

• In theinitializationstep,thetreeis de�nedasconsistingof thesoleroot ( 


� � 	 � ); thewhole
imageis associatedwith it ( 

6

�  � �

6

��� ), andthevectorof parameters
�

�

6 is estimated;of
course,theTS-MRFis empty( �

?

�%� ).

• In theprocedureCheckNode(	 ), thebinaryMRF �

� is de�ned on 

� , theMAP realization
�

�

�

is estimatedtogetherwith its parameters
�

�

� , andthesplit gain
�

� is evaluated.If
�

�

�

	 this
nodewill besplit sooneror later.

6This discussionis only to gaininsightaboutthemeaningof thesplit gain,andthereis noattemptto berigorous.

INRIA



TS-MRFfor imagesegmentation 39

50

x

5+3

y

4

z

30

2 7

4

3 4
5

6

3
5

(a) (b) (c)

(d) (e) (f)

4

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(	 ) updatesthestructureof thetreeby moving 	 from
�


 to 
 , andgeneratingtwo new
leaves �

	 and �

	 +1; to eachoneof suchnew nodesthe properquantities( 91

�

� � 1

�

�

�

�

1

� , etc.)
areassociated(they wereevaluatedduringtheCheckNodestep).

5.2 A split-and-mergesolution

As wasremarkedin theprevioussection,in theunsupervisedcaseasplit is carriedoutby modelling
the dataof the two regionsto extract ascorrespondingto terminalnodes,while in the supervised
casethey aresupposedto correspondto two sub-trees(with known structure). This fact leadsto
a greedyalgorithmin the �rst casewherea singleobjectcanbe over-segmentedinto two or more
regions,with introductionof falsecontours.

Theexampleof Fig.17illustratesthis problem:in (a) we have a syntheticimagewith threedis-
tinct regions;becauseonly binarysegmentationsarepossible,it canhappen(giventhedatamodel)
thatthecentralregion � is split in half amongthetwo newly formedsegments,2 and3 (b); aftertwo
moresplits,we have thesituationshown in (c), wheretwo differentsegments,5 and6, correspond
to two adjacentpartsof thesameregion � , a clearfailureof thealgorithm.

Varioussolutionscanbe envisagedfor this problem,suchas,for example,allowing a variable
numberof childrenfor eachnode. A simpleandfastsolutionwhich keepsthebinarystructure,to
allow for thereshapingof regionboundariesby meansof asplit-and-mergeprocedurewaspresented
in [14]. To gain insight aboutthe rationaleof this approach,consideragainFig.17: after the split
of node2, we have leaves(andregions)4, 5, and3, asshown in (d); at this point, we cantry to
mergeeachof thenew nodes(4 and5) with all existing leaves(only node3 in this case)andassess
thepossiblegain: themergingof nodes5 and3 shouldindeedprovidea gain,becauseregion � will
thenbelongto asingleclass.In this case,themerging takesplace(e); this mergedregion(5+3)will
eventuallybesplit againresultingin regions5' and3', andhencethecorrectsegmentationshown in
part(f). Thesplit-and-mergealternatingprocedureis drivenmakinguseof two indicators:thesplit
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(a) (b) (c)

(d) (e) (f)

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 (f).

gainde�ned above,whichcontrolsthesplitting,anda dualparameter, referredto asthemergegain
(see[14] for moredetails),whichdrivesthemerging.

In Fig.18a comparisonbetweenseveralTS-MRFversions,but alsowith standardtechniques,is
shown. In Fig.18,togetherwith theground-truth,wehavethesegmentationmapsproducedby vari-
ousalgorithms,thatis, minimumdistance(b), Ising-MRF(c), TS-MRF(d), TS-MRFwith adaptive
Isingcomponents(e),andTS-MRFwith adaptive Ising componentandmerging(f). All algorithms
correctlystopat � ��� (thiswasaninputparameterfor MD), which is reasonablefor suchasimple
image.

5.3 Unconnectedregionssplitting

Describinga �eld of databy meansof two setsof parameters,ratherthanone,is alwaysconvenient
in termsof accuracy. Therefore,the only reasonfor not splitting a region in two is the increased
descriptioncomplexity, relatedto thenumberof edgesbetweenthepixelsof thetwo new subregions.
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(a)

(b) (c)

Figure19: A comparisonof TS-MRF algorithmswith (c) or without (b) splitting of unconnected
regionsona GERimage(a).
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In thesplittingprocedureusedin unsupervisedTS-MRFalgorithm,quiteoftenchildrenregions
arecomposedof severalspatiallydistinctareas7. Splitting suchareasfrom oneanother, no matter
how similar they are,is necessarilyassociatedwith a positive gain sinceno new edges(andedge
penalties)areintroducedin theprocess.Actually, assumingall parameters,includingthesplit gain,
arecorrectlyestimated,suchkind of splitsshouldoccuranyway, sooneror later, while thesegmen-
tationtreegrows.

Basedon this considerationa variationof the TS-MRF algorithmhasbeenproposedrecently
[16], which enforces,after eachbinary split, the separationof non-connectedareasto form new
nodes.Theseparationof non-connectedregionspresentsseveraladvantages.First of all, it is self
evident thatsegmentationbecomesvery fast,thebulk of processingbeingconcentratedin the �rst
split, for whichmulti-resolutiontechniques[3, 8, 20, 33] canalsobeused.In addition,by removing
the in�uence of datafrom distantareasin the parameterestimationphase,the adaptationto local
statisticsbecomesmoreaccurate.A furtheradvantageliesin theopportunityto associatemeaningful
geometricaland topologicalfeatureswith eachnode/region. Experimentsalsoshow (andwe are
still working to explain this behavior) that themodi�ed algorithmsucceedsin extractingsmall-size
detailsthatdonotappearwhenonly binarysplitsareused.

On the down side, in this approachfocusedon segmentsratherthanclasses,someuseful in-
formation is lost regardingthe meaningof eachregion. In other words, non-connectedregions
characterizedby thesamelandcover do not shareanymorea commonlabel,andpresentdifferent
setsof parameters,possiblyverysimilar to oneanother, thatmustberecordedseparately. Of course,
suchrelationshipscanberecoveredwith somemoreefforts in a furtherphaseof processing.

Fig.19 shows the resultof a segmentationexperiment. A 512x512sectionof an 8-bandGER
remotesensingimage,onebandof which is shown in part(a), is segmentedby boththeoriginalTS-
MRF algorithmandthe last versionwith separationof non-connectedcomponents.The resulting
segmentationmaps,projectedon the referencebands,are shown in parts(b) and (c). It is clear
that,with thesecondalgorithm,many moresmall-sizeregionsarecaptured(somebrighteronesare
especiallyvisiblein thebottompartof theimage)andmany falsecontoursareavoided,with noneed
of expensivesplit-andmergeprocedures.

5.4 Computational complexity

We show herea comparison,in termsof computationalburden,betweenthe standardTS-MRF
andthereferencealgorithm,which is a K-classIsing MRF model. To this end,we consideragain
the GER imagedescribedabove (a 512 $ 512 pixel section),which is segmentedusingboth the
algorithmswhicharereferredto simplyas“TS” and“�at” algorithms.

Fig.20 reportsCPU time asa function of the numberof classeswhena single-bandimageis
considered.Contraryto our intuition, in thesupervisedcase,whenthenumberof classesis known
a priori , the �at algorithmis almostalways fasterthan the TS one. As a matterof fact, the tree
structureentailstheadditionalburdenof dealingwith irregularlattices,whichcallsfor morecomplex
datastructuresandadditionalcontrols. On the other hand,the simple MRF model usedin both
cases,andthesuboptimalICM algorithmwhichguaranteesaquickconvergence,reducethepotential

7Indeed,this alsohappenswith � -arysegmentations.

INRIA



TS-MRFfor imagesegmentation 43

2 4 6 8 10 12

2000

4000

6000

8000

CLASSES

TIME
(S)

FLAT / UNSUP.
TS     / UNSUP.
FLAT / SUP.
TS     / SUP.

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.

computationgainof usingonly binary�elds. Suchanadvantagecouldbecomesigni�cant with more
sophisticatedMRF modelsandoptimizationalgorithms.

However, if we considerthe unsupervisedcase,the picturechangescompletely. With the �at
algorithm,to obtainandaccepta � -classmap,all independentsegmentationswith - � � ��
� ���

�

	

classesareneededin orderto evaluatetheir validity measure.With the TS algorithm,instead,all
segmentationsarenested,andthetestsrequiredto stopthegrowth areall local: therefore,giventhe

� -classmap,only anotherlayer of splits is required,one for eachleaf of the tree,with a nearly
constantadditionalcomplexity with respectto the supervisedcase. As a consequence,using the
TS-MRFmodelbecomesmoreandmoreconvenientasthenumberof classesgrow (which is often
thecasefor largeimages).

This advantageincreaseswhenwe considermultiple bands.Fig.21reportsthe CPU time asa
functionof thenumberof bandsin theimagefor boththe�at andTS algorithmswhen8 classesare
considered(supervisedcase).Complexity growsquitefastfor the�at algorithm,andit soonexceeds
thatof theTS algorithm,which in turn remainsalmostconstant.Theeffectsof multiple bandson
thecomplexity of theunsupervisedcasecanbeeasilyextrapolatedwithout 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, wehavepresenteda tree-structuredMRF prior modelusefulfor remote-sensingimage
segmentationandclassi�cation.Sucha modelpresentsseveralinterestingproperties.

First, it allows the generalizationof eachMRF modelwhoseclique potentialsdependon the
con�guration of theedgesin thecliquebut are“blind” with respectto thecolor-transitionof these
edges,to a correspondentnon-blind model. This new model (a TS-MRF), which includesalso
hierarchicalconstraintsbetweenclasses,requiresa numberof parametersequalto

�

$

�

� � 	 �

where
�

is thenumberof parametersof thereferenceblind modeland � is thenumberof classes.
The imposedstructuralconstraintsbetweenclassesleadto a recursive factorizationof the joint

distribution in � � 	 terms,eachcorrespondingto an internal nodeof the tree and involving a
correspondingprior parametersub-set.As aconsequence,a recursiveprocedurecanbeusedto per-
form estimation-maximizationavoiding furthercomputationalburden.Indeed,thealgorithmproves
experimentallyto be fasterthen the basicreferencemodel,especiallywhenthe numberof bands
becomeslarge, becauseall the recursive stepsaresimply “binary” segmentationsthat operateon
smallerandsmallerregionsasthetreegrows. Therefore,by usinga largerparametersetin thecon-
text of a structuredmodel,we increasedthedescriptioncapabilityof themodelkeepingunaltered,
or evenreducing,thecomputationalcomplexity.

The outputof the algorithmis not just the segmentation,but the whole tree,with its temporal
developmentandall parametersassociatedwith the individual nodes.Hence,givena � -leave seg-
mentationtree,all intermediatetreesandassociatedsegmentationmapscanbeobtainedby pruning
backnodesin reverseorder[30].

Theavailability of SPOT imagewith ground-truth,providedby theCostellaboratory(University
of Rennes2), allowedusto carryoutexperimentsin supervisedsegmentationandto compareresults

INRIA



TS-MRFfor imagesegmentation 45

with variousotherMRF-basedandvariationalclassi�ers.Theresultsshow that,onthisexample,the
TS-MRFclassi�ersoutperformall referencetechniquesconsidered,bothin termsof globalaccuracy
and,evenmore,in termsof class-wiseaccuracy.

Becauseof its recursivestructure,theTS-MRFmodelalsoaddressestheclustervalidationprob-
lem of unsupervisedsegmentation,throughtheuseof a stoppingconditionlocal to eachnode. In
this case,however, a greedylikelihoodmodelis usedfor eachnodeleadingto a lossof accuracy. In
orderto improvetheunsupervisedTS-MRFalgorithm,weintroducednodemergingandthesplitting
of unconnectedregions,with somebene�cial effects. Nevertheless,this is still anopenproblemto
beaddressedin futurework.
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