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Abstract

This work takes place in the context of hierarchical
stochasticmodelsfor theresolutionof discreteinverseprob-
lemsfromlow level vision. Someof thesemodelslie on the
nodesof a quad-treewhich leadsto non-iterativeinference
procedures. Nevertheless,if they circumventthe algorith-
mic drawbacks of grid-basedmodels(computationalload
and/or great dependanceon the initialization), they admit
modelingshortcomings(cumbersomeand somehowartifi-
cial). We investigatea new hierarchical stochasticmodel
which takesbenefitfromboththespatialandthehierarchi-
cal prior modelings.Theindependancegraphis basedona
treewhich hasbeenpollardedwith thenodesat thecoarsest
resolutionexhibitinga grid-basedinteractionstructure. For
this classof models,weaddressthecritical problemof pa-
rameterestimation.To thisend,wederiveanEM algorithm
on thehybridstructurewhich mixesanexactEM algorithm
oneach subtreesanda low costGibbsianEM algorithmon
the coarsespatial grid. Experimentson a syntheticimage
andon multispectral satelliteimagesare reported.

1. Intr oduction and background

Many inverseproblemsfrom imageanalysiscanbeman-
agedby designingan energy function

���������
	
which cap-

turesthe interactionbetweena large numberof unknown
variables

���
������	��
to beestimated,andtheobservedvari-

ables–themeasurementsor data–,
����������	��

. Themanip-
ulation of this function is madetractableby its usualde-
compositionas a sumof local termsinvolving just a few
variablesat a time. This kind of problemis encountered
in Markov randomfield(MRF)-basedapproachesas well
asin partial differentialequation(PDE)-basedapproaches.
Within theframework of MRF,

�
and

�
arerandomvectors

andwe have thefollowing relationbetweenthejoint distri-
butionandtheenergy function: � ��������	����! 
"$#&%'�(��������	*) .

Thedecompositionpropertymakesthemodelsveryflex-
ible, but implies a parameterizationof the posteriordistri-
bution which hasto be known to performthe inferenceof

�
. The crucial point hereis the estimationof parameters,

sinceit will stronglyconditionthequality of theinference.
Supervisedandunsupervisedinferencemethodshave been
proposedin theliterature.In thesupervisedapproaches,the
imageand the noisemodelparametersareassumedto be
known,whereasin theunsupervisedapproachestheparam-
eterestimationandthe inferenceof

�
areconductedat the

sametime withoutany humaninteraction.

1.1. Hierar chical energy-basedmodels

It turnsout that for mostenergy-basedmodelssuitable
for imageanalysisproblems,onehasto devisedeterminis-
tic or stochasticiterative algorithmsexploiting the locality
of themodelin orderto conductthe inferenceof

�
. While

permitting tractablesingle-stepcomputations,the locality
resultsin a very slow propagationof information. As a
consequence,theseiterative proceduresmayconvergevery
slowly. Thismotivatesthesearchfor specificmodelsallow-
ing non-iterativeor moreefficient inference.

So far, the morefruitful approachesin both caseshave
reliedon somenotionof hierarchy. Hierarchicalmodelsor
algorithmsallow the informationto be integratedin a pro-
gressive and efficient way (especiallyin the caseof mul-
tiresolution data, when imagescome into a hierarchyof
scales)providing gainsin termsof bothcomputationaleffi-
ciency andqualityof results.

Model-basedhierarchicalapproachesaim at defininga
new globalhierarchicalmodelwhichhasnothingto dowith
any original (spatial)model. It hasto be manipulatedasa
whole,but accordingto proceduresof reducedcomplexity.
Thesemodelsusuallylie on thenodesof a quad-tree(e.g.,
seeFig. 1(a))whoseleavesfit thepixelsof (maximumres-
olution) images[2, 6, 10, 11, 12]. In this case,thepeculiar
dependency structure,like in caseof Markov chains,allows
non-iterative inferenceproceduresmadeof two sweeps:a
bottom-upsweeppropagatingall information to the root,
anda top-down onewhich in turn allows optimalestimate
to beobtainedat eachnodegivenall thedata.

Oneof thedrawbacksof thesetree-basedapproacheslies
in the structuralconstraintsthey impose: first of all they



mightappearartificial for certaintypesof problemsor data;
in any casetherelevanceof the inferredvariablesat coars-
estlevelsis notobvious(especiallyat theroot). Second,the
completetree-structureis cumbersomein caseof largeim-
ages.To circumvent this, a hierarchicalmodelbasedon a
“hybrid” structurewhichcombinesaspatialgrid of reduced
sizeat a coarserlevel with “sub-trees”appendedbelow it,
down to thefinestlevel hasbeenproposed[4].

1.2. EM algorithm

Theso-calledEM algorithmis themostusedmethodfor
parameterestimation.This algorithm[7] considerstheob-
served variables

�
as the “incompletedata” and the cou-

ple
�������
	

asthe“completedata”characterizedby the joint
distribution � �������,+ -&	 where

-
is a parametervector to be

estimated.The purposeis to find .- which maximizesthe
likelihoodof observeddata � ���,+ -&	 .

The EM procedureis iterative and repeatsthe two
following stepsuntil convergence: the E-step computes
the expectationof log joint likelihood, conditionnedon
observed data and current parameterfit: / ��-�+ -
02143�	65�798 :2;=< � ��>?��@A+ -&	�+ �B��-�02143DCDE the Maximization step then de-
finesthenew parametervaluesasthosethatmaximizethis
expectation:

-
021!F�GH3I5�KJMLN<PO(JQ �R / ��-�+ -�02143�	!S The conver-
genceis guaranteed,but towardanestimate .- thatdepends
very muchon theinitial guess

-
0UTN3
[13]. As a consequence-
0VT*3

mustbechosencarefully.
ThispaperinvestigatesanEM-typealgorithmon thehy-

brid structureintroducedin [4] andis organizedasfollows.
The section2 first describesthe hybrid hierarchicalmodel
andits associatedenergy functionandsecondlytheEM al-
gorithmderivedfrom it. Thesection3 illustratesthisproce-
durefor anunsupervisedimageclassificationwith synthetic
andrealimages.

2. Hierar chical EM algorithm

2.1. Hybrid hierarchical models

(a) (b)

quadtree hybrid structure W,X

W,YZ
Z

Z

[

[
Figure 1. Two hierar chical structures: (a)
quadtree with three levels; (b) truncated tree
with two levels.

Thehierarchicalmodelweuseis basedonahybridstruc-
turefor which oneexampleis shown in Fig. 1(b) for a sin-
gle level below thecoarsestgrid. To describethisgraph,we
shallintroducesomenotations.

First, we definethe coarsestlevel \ T as a rectangular
grid with a 1st-orderneighborhood.Theneachsite of \ T
initiatesa quadtree,so that theset \9] ( ^�_a`cbed ) made
up by thenodesat the level ` is f=]hgifM] timeslarger than\ T . Now eachsite j of \9] hasfour naturalcorrespondents
in \9] F�G (providedthat j doesnot belongto thefinestlevel\9k ), its children,forming siteset j , andonenaturalcorre-
spondentin \9]ml G (provided that j doesnot belongto the
coarsestlevel \ T ), its parent,denotedas j . Finally, thesite
setformingthetreerootedat j is denotedj (Fig.1(b)). Vec-

tors
�

and
�

arenow indexedby thenodesof \ 5�In k]Mo T \ ] .Given this graphicalstructureconsideran energy func-
tion of thefollowing form:p'qsrutDvxw 5y z{m|�} ~����Q�Q� � |D~ qsr | t�r ~ w*� z|����M���Q��� | qsr | t�r | w*� z|������ | qsr | tDv | w�t

where _�j ����� designatespairs of neighborsin \ T , �=���
and ��� arelocal functionscapturingrespectively thespatial
prior and the hierarchicalprior (they will usually encour-
age identity betweenneighborsand betweenparentsand
children,resp.),and ��� expressesthepoint-wiserelationbe-
tweenthe observed variable

� � and the unknown one
� � .

Froma probabilisticpoint of view, theassociatedjoint dis-
tributionof

��������	
is: (with � anormalizingconstant)� qsrut�v&w 5y��� �{
|�} ~��u���Q�x�N�=�
���P� |�~ qsr | t�r ~ wH��  �¡ ¢5 £¥¤�¦�§H¨ª©!¦ } ©4§�«¬ �|��Q�M��� � �N�=�
���P� | qsr | tHr | wH��  �¡ ¢5 £B­�¦*¨ª©!¦ } © ¦ « �|��Q� �N�=�
��� � | qsr | tHv | wH��  �¡ ¢5 £B®!¦4¨ª©!¦ } ¯ ¦H« °

(1)

2.2. EM algorithm on the hybrid structur e
In the caseof a spatialgrid ( d � ^ ), the computation

of / ��-�+ -
02143�	 is untractabledueto thenormalizingconstant
which dependson

-
. Someauthors[3, 15] attemptto over-

come this difficulty by using the pseudo-likelihood (PL)
function ± �������,+ -&	 insteadof the likelihoodfunction. It is
definedas:² qsr�t�v�³ ´µw 5y � qsv¥³ r�tH´�w ² qsrB³ ´µw

y � | � qsv | ³ r | t�´�w � qsr | ³ r
¶ ¦ t�´µw�t
where ·�� representsthe set of the neighborsof j and lo-
cal prior conditionnaldistributionscanbeexactly deduced
from (1), accordingto� qsr | ³ rm¶ ¦ w y ¸ ~�� ¶ ¦�¹ |D~ qsr | t�r ~ wº¼» ¸ ~�� ¶ ¦ ¹ |D~ q�½�t�r ~ w °
Despitethe eliminationof the normalizingconstantprob-

lem, themaximizationof / ��-u+ -
0¾143�	 still requiresthe com-
putationof an untractableexpectation.This expectationis



approximatedby usinga Gibbssamplerin the caseof the
GibbsianEM algorithm[3].

In the caseof a completetree where \ T reducesto
a single site, a non-iterative two-sweepprocedure,simi-
lar to Baum-Welch algorithm on a chain [1], can be de-
signedto computeexactly all sitewise andpairwiseposte-
rior marginals. Thenthe EM algorithmcanbe conducted
without any PL andMonte Carlo approximation([10, 14]
for discretecases,[8, 9] for continuousGaussianmodels).

With our hybrid structure,we dealbothwith non-causal
interactions(on \ T ) andtree-basedinteractionson subtreesj � jÀ¿Á\ T . We thushave to introducea PL function for
thenon-causalspatialpartof thehybrid structure,to avoid
theproblemof � . Assumingwithout lossof generality, thatÂ � ��Ã*��Äm	h� � ��> � ��Ã!+ > � �ÅÄm	

, and Æ � ��Ã*� � 	Ç� � ��@ � �� + > � �cÃH	 , thePL we dealwith is:² qsrut�v¥³ ´�w 5y �|����Q� � qsr | ³ r
¶ ¦ tH´�w �|����=���Q�mÈ | qsr | t�r | tH´�w¬ �|����,É | qsr | t�v | tH´�w °
We further assumethat

Â � is independantfrom j whereasÆ�� only dependson the level ` to which j belongs(these
two assumptionscaneasilybesoftenedor tightenedin the
following). We then denote: È qsÊHt�ËQw 5y � qsÌ | y Ê�³ Ì | yËQw�tBÍ ZÏÎ W(Ð�W$X t and ÉmÑ qsÊ�t � w 5y � qsÒ | y � ³ Ì | y Ê�w�tBÍ ZÏÎ

W
Ñ °Each

> � taking its valuesin discretestatespace Ó , the
neighborhoodconfigurationset ÓÕÔ ¦ can always be parti-
tionnedin Ö partssuchthat � ��� � + � Ô ¦ ��-x	 only dependson
the “type” ×c¿ #xØPSÙS�S Ö ) to which

� Ô ¦ belongs.Thenwe
denote

� qsÌ | y Ê�³ ÌÚ¶ ¦ of type Û w 5yÝÜ qsÊHt Û w�t�Í ZÞÎ W$X .
The more generalparameterizationis given by

´ 5y
� Ü qsÊHt Û w�t È qsÊ�t�ËQw�t É Ñ qsÊ�t � wH� under constraints

º¼ß Ü qsÊ�t Û w y � ,º ß È qsÊ�t�ËQw y � and
ºáà ÉmÑ qsÊ�t � w y � . The maximizationis

readilysolvedby usingaLagrangianbasedon:â q�´x³ ´ ¨ªã*« w yz ß } ä�å æªçµè Ü qsÊHt Û w z|��Q�Q� � qsÌ | y Ê�tHÌÚ¶ ¦ of type Û ³ v
tH´ ¨VãN« w�  �¡ ¢£
é&ê ÑµëUì ¨îí�ï � «�ð ¯�} ñ*òªó�ôsõ
ö

� z ß } ÷ å æªçµè È qsÊHt�ËQw z|����=���Q�xø
¨ªã*«| qsÊ�t�ËQw ö

� z
Ñ }
ß } à å æVç�è É Ñ qsÊ�t � w z|��Q�Qùxú ¯ ¦H£ à�û ¨VãN«| qsÊ�w ö t

where ü ß ä qsr � � w 5yþý � ZÿÎ
W$X�� r | y Ê�tHr
¶ ¦ of type Û � ,û ¨Vã*«| qsÊ�w 5y � qsÌ | y Ê�³ v
tH´ ¨ªã*« w and ø
¨VãN«| qsÊ�t�ËQw 5y � qsÌ | y Ê�t�Ì | yËm³ v
tH´ ¨Vã*« w

, theupdatingformulaeof theparametersare:

Ü ¨ªã�����« qsÊ�t Û w y � å ü ß ä qsÌ �Q� w*³ v
tH´ ¨Vã*« öºáß � å ü ß ä qsÌ �Q� w*³ v
tH´ ¨Vã*« ö (2)

È
¨Vã�����« qsÊ�t�ËQw y º |����M���Q� ø

¨Vã*«| qsÊ�t�ËQwº |��Q�M���M� û ¨Vã*«| qVËQw (3)

É Ñ ¨Vã�����« qsÊ�t � w y º |���� ù ú ¯ ¦�£ à û ¨Vã*«| qsÊ�wº |���� ù û ¨Vã*«| qsÊ�w (4)

In thecaseof Gaussiandatalikelihoodswith theparam-
eters( 	 � ��
 � ), theequation(4) is replacedby:� Ñ ¨Vã�����«ß y º |��Q�Qù û ¨VãN«| qsÊ�w�v |º |��Q�Qù û ¨Vã*«| qsÊ�w (5)

� Ñ ¨Vã�����«ß y 
 º |���� ù û ¨VãN«| qsÊ�wNqsv | � � Ñ ¨Vã�����«ß w��º |���� ù û ¨ªã*«| qsÊ�w � ��� � (6)

The use of thesere-estimationequationsrequiresthe
computationof theexpectation

7P8 ` ��� ��>�� � 	Ù+ �B��-
0¾143DC on the
coarsegrid, and the computationof the local posterior
marginals � 02143� ��ÃH	

andof � 0¾143� ��Ã*�DÄx	
on the sub-treesbelow.

The computationof the local posteriormarginals is ex-
actly achieved on eachnode of a completetree through
a non-iterative proceduremadeof two sweeps[10]. This
procedurecan be easily extended to the truncatedtree
[5]. The dowward recursionis now basedon � ��� � + ��	h���� ¦ � ��� � + � � ����	 � ��� � + ��	!��� j��¿I\ T&� where � ��� � + � � ����	��� ��� � + � � ��� � 	 due to separationproperty. The useof this
recursionrequiresthat a previous upward sweepprovides� ��� � + � � ��� � 	 for j �¿¼\ T and � ��� � + �
	 for jA¿á\ T . Thefor-
mer is achieved by successively summingout the

� � ’s for
all j!�¿�\ T . Therecursionis basedon:� qsr | ³ r | t�v | w" È | qsr | tHr | w É | qsr | tHv | w ¬ z© ¦ #%$�¦'& �~��µ| ��(�|') È ~ qsr ~ t�r ~ w É ~ qsr ~ t�v ~ w" È | qsr | tHr | w É | qsr | tHv | w ¬ � ~��µ| z ©4§ �ã ��~ È ã qsr ã t�r ã w É ã qsr ã tHv ã w�  �¡ ¢5 £+* § ¨ª© ¦ «

t

with , ~ qsr | w y º ©4§ È ~ qsr ~ t�r ~ w É ~ qsr ~ tDv ~ w ¸ ã ��~ , ã qsr ~ w ° Func-
tions -�� ��� � 	 beingcomputedin a bottom-upway, onecan
thenderive:� qsr | ³ r | tHv | w y È | qsr | tHr | w É | qsr | tHv | w ¸ ~��µ| , ~ qsr | wºÀ» È | q�½�t�r | w É | q�½�t�v | w ¸ ~��µ| , ~ q�½
w °

Note that the functions -¥� ��� � 	 dependon
� � , even

though this is not made explicit by abuse of notation.
The upward sweepalso provideseventually the probabil-
ity

� qsr �Q� ³ v&w y º © ï # ï � � qsr$³ v&w ° Becauseof the non-causal

structureon \ T , � ��� � + ��	 for j ¿ \ T has to be approx-
imatedwith the help of a Gibbs samplingof distribution� ���.� � + ��	 . This samplingalso allows the approximation

of the expectationin (2). Now the laws � 02143� ��Ã�	
areavail-

ableaswell as � ��� � + � � ��� � 	 . Thecomputationof � 02143� ��Ã*��Äm	
can be done thanks to the relation:

� qsr | t�r | ³ v
tH´ ¨VãN« w y� qsr | ³ r | tDv�t�´ ¨Vã*« w � qsr | ³ v�t�´ ¨Vã*« w °Thewholeprocedureisshown in Tab. 1. At convergence,
anestimateof

�
is providedby theestimatorof theModeof

PosteriorMarginals(MPM), asaby-productof theposterior
marginalcomputation:

� j � .� � ��JMLN<PO(JQ � ¦ � ��� � + �
	!S



EM algorithm on the hybrid structure

Repeatuntil convergence/
upwardsweep

Leaves( Z�Î W,Y ): , | qsr | w y º ©!¦ È | qsr | t�r | w É | qsr | t�v | wRecursion(for ü y10 � � °*°N° � , Z�Î
W
Ñ ): , | qsr | w y º © ¦ È | qsr | t�r | w É | qsr | t�v | w ¸ ~���| , ~ qsr | w243

coarseGibbsianEM:
Repeatuntil convergence:

draw samples
r �Q� q � w ,..., r �Q� q65�w from

� qsr �Q� ³ v&w
approximationsof 7 û ¨Vã*«| qsÊ�w y �8:9<; º 8= £ ; ���?> å r | q6@µw�tDÊ öÜ ¨Vã�����« qsÊHt Û w y ACBD�EGF�H?I ÑµëUì ¨ª© ï � ¨ = «¾«A ë A B DJEGFKHLI Ñ�ë2ì ¨ª© ï � ¨ = «2«computationof É

X ¨ªã�����« qsÊ�t � w accordingto (4), or of � X ¨Vã�����«ß
and � X ¨ªã�����«ß

accordingto (5-6)M
downwardsweep

Recursion(for ü y � °*°*°
0 , ZÞÎ W Ñ ): 7 ø

¨Vã*«| qsÊ�t�ËQw y û ¨Vã*«| qVËQw ­�¦4¨ ß } ÷ «¾®!¦!¨ ß } ¯ ¦�«* ¦ ¨ ÷ « ¸ ~���| , ~ qsÊ�wû ¨Vã*«| qsÊ�w y º ÷ ø
¨ªã*«| qsÊ�t�ËQw

Computationof È ¨ªã�����« qsÊHt�ËQw accordingto (3)
Computationof É Ñ ¨Vã�����« qsÊ�t � w accordingto (4), or of � Ñ ¨ªã�����«ß

and � Ñ ¨Vã�����«ß
accordingto (5-6)

Table 1. Synopsis of the EM algorithm on the hybrid structure

3. Unsupervisedclassificationcomparisons

To demonstratethepracticabilityandtherelevanceof the
approachfor discretelow-level imageanalysis,we first re-
portedcomparative experimentsfor unsupervisedclassifi-
cationled for d ¿ # ^ �%N¥�PO��RQ,) . For d � ^ the algorithm
correspondsto the GibbsianEM of Chalmond[3], whiled �SQ

, when the sizeof \9k is fUT�g¼fUT , correspondsto
the completetree(

+ \ Tx+,�ÅØ
). d �VN��%O

correspondto the
hybridstructurewith four andfive levels.

In section1.1,wementionedthattheinitializationof the
EM algorithmdeterminedthe quality of the results. As a
consequence,we hadto pay a greatattentionto it anduse
the samefor all algorithms. To this end,a simple analy-
sis of the finest resolutiondatahistogramwascarriedout
to get startingvaluesfor the classparameterswhich were
usedin a standardMaximum Likelihoodinferenceproce-
dure.Theclassparameterswerethenre-estimatedwith this
classification.In addition,for theGibbsianEM, thespatial

prior parameterswereinitialized by Ñ�ë2ì ¨ª© � ï � «A ë ÑµëUì ¨ª© � ï � « . As for the

modelparameterson the truncatedtree,we initialized the
hierarchicalprior with theparameterizationof Bouman[2]:

È qsÊ�t�ËQw 5yXW > qsÊHt�ËQwQ� � 9?YZ 9 � å � � > qsÊ�t�ËQw ö , where[ wasthenum-
berof classesandwith \ closeto 1. At eachnode j of \ T ,
wesearchedfor thelabelthatmaximizedthecontributionof
thesubtreerootedat j , i.e., theterm ¸ ~��µ| , ~ qsr | w . Fromthis
configuration,afirst estimateof thespatialprior parameters] 0UTN34��ÃN� × 	 for the coarseGibbsianEM algorithm could be
computedasfor theGibbsianEM algorithmon thelattice.

TheEM algorithmswerestoppedwhenthevariationsof
the classparametersfrom an iteration to anotherbecame
non-significant.In our experiments,datawereonly avail-
ableonthefinestresolutionlevel,consequentlythestopping
criterion was the following:

�Z_^ º Zß £�� å q � ¨Vã�����«ß � � ¨Vã*«ß w�� �

q � ¨Vã�����«ß � � ¨VãN«ß w � ö�` ��� ��acb
, with d � ^ SUØ in ourexperiments.

First, the experimentswerecarriedout on a ffefg gÝffehg
syntheticimageinvolving 5 classes(Fig. 2). We applied
an additive Gaussianwhite noisewith a differentstandard
deviation for eachclass,thusthegraylevel meansandvari-
ances

� 	 ���%
�i� 	'j� o G wereknownandcouldbecomparedto the
onesestimatedby thedifferentEM proceduresin Tab. 2(a).
We reportedherethe resultsobtainedby the four methods
with the numberof classesforced to five. The obtained
MPM classificationsareshown in Fig. 2 andtherespective
percentagesof goodclassificationandcomputationalloads,
includingcputimes(on a 360MHz Ultra 60 Sunworksta-
tion), canbefoundin Tab. 2(b).

As canbeseenfrom theresults,thehierarchicalmodels
providedmuchbetterresultsthantheplainspatialGibbsian
EM algorithmandtook lesscputime. Increasingthenum-
berof retainedsamples( k %ml , seeTab. 1) in theplainGibb-
sianEM algorithmimprovedslightly the classificationbut
implied a redhibitorycomputationalload. It shouldbeno-
ticedthatthehierarchicalalgorithmsprovidedalmostsame
resultsboth in termsof quality of the classificationandin
termsof accuracy of the parameterestimates.The coarse
GibbsianEM took no morethanfive iterationswith 20 re-
tainedsampleswithin eachiteration. If we computedcpu
time neededfor oneiterationof eachhierarchicalmethod,
we found 4.3s for the complete-tree-basedand the five-
level-basedalgorithmsand4.5sfor the last one. Thusthe
useof asamplingprocedurein thehybridEM algorithmdid
not seemto imply a significantextra computationalload.

The previous algorithmswere applied to SPOT satel-
lite imagesprovidedby Costel(geographylaboratoryof the
Universityof Rennes2) in thecontext of remotesensingre-
searcheswithin a researchprojectcalledGSTB(“Groupe-



Ground-truth Noisy image d � ^ 0¾GH3 d � ^ 0niN3 d �oN d ��O d �op
Figure 2. Unsuper vised classifications with a synthetic image. ((1)=5 samples (2)=100 samples)

Categories
1 2 3 4 5

GT 20 (15) 50 (30) 100(20) 150(30) 210(25)q ¨r��«
16.5(12.8) 55.2(24.2) 105.3(19.0) 152.5(25.1) 207.3(22.0)q ¨ � «
14.9(11.8) 53.6(23.5) 103.0(18.5) 151.9(26.1) 208.0(22.4)s
18.8(13.1) 50.2(28.6) 99.0(20.4) 149.3(29.8) 209.2(23.7)t
14.3(10.3) 49.1(28.4) 99.1(20.4) 149.4(29.7) 209.1(23.7)u
19.7(13.9) 49.9(27.9) 98.8(20.2) 149.0(29.6) 208.7(23.8)

Model good nb nb cpu
class. iter. samples timeq ¨r��«
88% 29 5 120sq ¨ � «
91% 35 100 25mins
99% 19 5 v 20 87st
98% 11 5 v 20 48su
99% 12 none 52s

(a)Estimatedclassmeansandstandarddeviations.(GT=Groundtruth) (b) Performancesof thedifferentEM algorithms.
(Thebold-facednumbercorrespondsto themeanandtheonein parenthesesto thevariance.)

Table 2. Comparative results for the diff erent EM algorithms with the synthetic image in Fig. 2.
( ^ 0sGH3 =Gibbsian EM with 5 samples, ^ 0niN3 =Gibbsian EM with 100 samples,

N
=four -level hybrid structure-

based EM,
O
=five-le vel hybrid structure-based EM,

p
=quad-tree-based EM)

mentScientifiquedeTéléd́etectionenBretagne”).Theex-
tractedscene(Fig. 3) was composedof three e Ø f?g�e Ø f
imageswith differentwavelenghtsandrepresentedtheBay
of Lannion,locatedin thenorth-westof France,duringDe-
cember1996. The goal of this studywasto determinethe
landcover of this area.To reachthis aim, thegeographers
of Costelbuilt a list of eight classificationcategories: (1)
Seaandwater, (2) Sandandbaresoils,(3) Urbanareas,(4)
Forestsandheath,(5) Temporarymeadows, (6) Permanent
meadows, (7) Colza,(8) Vegetables.Thanksto both tests
on the landsandphotointerpretations,they werealsoable
to extract small imageportionswhich are samplesof the
eightcategoriesonthethreeSPOT imagesof thescene.We
usedthemto assessthe accuracy of the classificationsand
comparedthe parameters(gray level means,variancesand
possiblycorrelationcoefficients)of eachcategory for each
imagelearnedfrom the samples,to the onesgiven by the
EM algorithms(seeTab. 3(a)). In fact,we fixedtheparam-
etersof the last four categories,becausethey wereundis-
tinguishablewith automaticprocessbut they wereessential
for theaddressedapplication.

The modelcanbe easilyextendedto the caseof multi-
spectraldataby takinginto accountthecorrelationbetween
the threespectralbands. We experimentedboth uncorre-
latedandcorrelateddatalikelihoods.However, even if the
SPOT bandsareknown to be correlated,consideringcor-
relatedchannelsin our exampledid not improvetheclassi-
fication resultssignificantly. Thuswe hereonly presented
resultsconsideringthechannelsasindependent.

The algorithmsprovidedquite similar resultsof a good
quality (seeTab. 3 andFig. 4). About 89%of thepixelsof

thesampleswerewell classified.

4. Conclusionand extensions
In this paper, we presentedan EM algorithmbuilt on a

hybrid hierarchicalstructurewhich is an interestingcom-
promisebetweenstandardspatialmodelsandhierarchical
modelsbasedon a completequad-tree. To study this al-
gorithmthoroughly, we shouldconcentrateon how it deals
with different initializationsof the classparameters,espe-
cially whenthey becomeveryfarfrom theright parameters.

With this structurewe now plan to addressthe issueof
automaticallyestimatingtheoptimalnumberof levelsin the
struture.Moreover, we would like to investigatethepossi-
bility to truncatethetreein aheterogeneousmanner, sothat
wecouldobtainpiecesof coarsegridsatdifferentresolution
dependingon theavailabledata.
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[12] P. Pérez,A. Chardin,andJ.-M.Lafert́e. Noniterativemanip-
ulationof discreteenergy-basedmodelsfor imageanalysis.
underpress,Pat. Recogn., 1999.

[13] R. RednerandH. F. Walker. Mixturesdensities,maximum
likelihoodandtheEM algorithm.SIAMReview, 26(2):195–
239,1984.

[14] D. Tretter, C. Bouman,K. Khawaja,andA. Maciejewski. A
multiscalestochasticimagemodelfor automatedinspection.
IEEE Trans.Im.Proc., 4(12):1641–1654,1995.

[15] J. Zhang, J. Modestino, and D. Langan. Maximum-li-
kelihood parameterestimationfor unsupervisedstochastic
model-basedimage segmentation. IEEE Trans.Im.Proc.,
3(4):404–420,1994.

water baresoils urbanareas forests
GT XS1 32.4(1.4) 40.2(3.6) 34.1(1.4) 28.1(1.4)

XS2 12.2(0.6) 24.8(2.9) 17.5(1.1) 13.6(1.0)
XS3 6.5 (0.6) 23.9(4.3) 26.6(3.5) 22.8(7.3)xCy q
XS1 34.9(2.2) 40.6(4.1) 34.1(1.4) 30.4(1.4)
XS2 13.7(1.6) 25.0(3.8) 19.7(1.5) 15.6(1.4)
XS3 6.5 (0.6) 26.7(8.9) 28.9(5.5) 26.3(6.3)xCy s
XS1 35.0(2.2) 39.6(4.2) 33.9(1.2) 30.6(1.5)
XS2 13.8(1.7) 24.4(3.7) 19.2(1.3) 15.8(1.4)
XS3 6.6 (0.6) 27.3(8.2) 31.9(7.2) 26.9(6.6)xCy�t
XS1 35.0(2.2) 39.1(4.2) 33.8(1.1) 30.6(1.5)
XS2 13.8(1.7) 23.9(3.7) 19.1(1.2) 15.8(1.4)
XS3 6.6 (0.6) 27.5(8.2) 31.9(7.1) 26.9(6.5)xCy�z
XS1 35.1(2.2) 40.0(4.2) 33.9(1.3) 30.5(1.4)
XS2 13.8(1.7) 24.7(3.7) 19.2(1.4) 15.7(1.4)
XS3 6.6 (0.6) 27.0(8.4) 31.9(7.2) 26.8(6.6)

(a) Estimatedclassparameters.(GT=Groundtruth)
(meansin bold-facedtypeandvariancesin parentheses.)

Model good nb nb cpu
class. iter. samples timex�y q
89% 15 5 880sx�y s

89.2% 9 5 v 20 670sx�y{t
89.8% 10 5 v 20 700sx�y|z
89.3% 9 none 660s

(b) Performancesof thedifferentEM algorithms

Table 3. Comparative results for the diff erent
EM algorithms with the multispectral satellite
images in Fig. 3.


