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In thiswork,weproposeto usetheHiddenMarkov Chain(HMC) modelfor fully
automaticchangedetectionin a temporalsetof SyntheticApertureRadar(SAR)
images. First, it is shown that this modelcanbe usedasan alternative to the
HiddenMarkov RandomField(HMRF) modelin theimagedifferencingcontext.
We thenproposea novel approach,calledjoint characterization, whoseprinci-
ple is to considerthatthe`before'and`after' imagesareauniquerealizationof a
bi-dimensionalprocess.Parametersestimationis performedfrom amulticompo-
nentextensionof theHMC modelandthematicchangecanbedetectedaccording
to thejoint statisticsof theclassesin theimages.Preliminaryexperimentsshow
promisingresults.

1 Intr oduction

Therecentdevelopmentsin satellitesandremotesensors,togetherwith theneces-
sity for anef�cient controlof theenvironment(managementof naturalresources,
risk assessment,damagemapping,land usemonitoring,...), offer new challeng-
ing applications.Multitemporalchangedetectionis oneof themanda numberof
methodshasbeendesignedthe last few years(e.g.[1–3]). Basically, changede-
tectiontechniquesrely onsomeclusteringschemesthatidentify thecoordinatesof
pixelsthathave changedbetweentwo dates.In this work, we areconcernedwith
SAR imagesandwe assumethat the imageshave beengeometricallycorrected
andco-registered.

An exempleis givenwith thethreeSARimagesin �gure 1. They show arice
plantationin Semarang(Java Island)with mainly early rice, late rice andother
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Figure1. Threeco-registeredERS-1imagesof a rice plantationin Java Island,Indonesia
(size: �
	���
���	�� ). A �ood canbeobservedin thebottom-rightpartof the(c) image.

�elds. The changethat hasto be automaticallydetectedconcernsthe impactof
the�ood in image���

�

. Theseimagescontainmajordif�culties: (i) speckleinduced
by thebackscatteringmechanismsis really strong;(ii) errorsfrom thegeometric
registrationscanbe expected;(iii) re�ectivity of plantationshave beenmodi�ed
during the periodof observation; (iv) a �ood appearson the secondimageand
coversa partof theobservedscene.
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Thereis looselytwo mainmethodsin theliteratureto detectchangesin a set
of images: the image differencingandthe post-classi�cationcomparisontech-
niques:

– In theimagedifferencingmethods[3], thecorrespondingpixel valuesaresub-
tractedto producea new image(notedDI for `Dif ferenceImage') thatrepre-
sentsthe radiometricchangebetweenthe imagebefore( ��� ) andthe image
after( ��� ). Pixel exhibiting a signi�cant radiometricchangecanbeexpected
to lie in thetail of theDI histogram,whereastheremainingpixelsshouldbe
groupedaroundthemean.Hence,thehistogramof aDI canbeconsideredas
a mixtureof two classesrepresenting��� =`change'and ��� =`nochange'.The
changedetectionchallengebecomesaclassi�cationproblemwhoseresultcan
bedirectly interpretedasa changedetectionmap.Otherrepresentationsthan
the DI canbe used,e.g. imageratioingwhich is consideredmorerobust in
caseof SAR images[4] or animageof mutualinformation[5].

– The principle of the post-classi�cationcomparisonmethods[2] is to, �rst,
classifyindependentlythe �	� and �

� imageswith a �x ednumberof classes
and, second,comparethe classlabelsto detectand localize changes.The
classlabelscanbecomparedusinghardor fuzzy logics. Onedif�culty is to
automaticallydeterminethenumberof classesfor thetwo images.

In both kind of methods,the accuracy of changedetectionhighly depends
on theclassi�cationstrategy adopted,anda numberof methodsareavailable. In
this work, we proposeto usethe HMC model [6,7] for fully automaticchange
detectionin a temporalsetof SAR images.Section2 startswith apresentationof
themodelandgivessomedetectionresultsin theimagedifferencingcontext. We
thenproposein section3 a novel approach,calledjoint characterization, whose
principleis to considerthat �
� and�

� areauniquerealizationof abi-dimensional
process.Parametersestimationis performedfrom amulticomponentextensionof
the HMC model [8] andthematicchangecanbe detectedaccordingto the joint
statisticsof theclassesin theimages.Preliminaryresultsontheimagesin �gure 1
arepresented.Conclusionandperspectivesaredrawn in section4.

2 ScalarHMC basedchangedetectionmethod

As underlinedin theintroduction,thechangedetectionproblemcanoftenbecon-
sideredasaclassi�cationchallenge.Per-pixelsmethods,suchasthek-means,the
fuzzyc-meansor, in aBayesiancontext, theblind Estimation-Maximization(EM)
algorithm,areoften inef�cient due to the large amountof, possiblycorrelated,
specklein SAR images.Hence,spatialcontext sensitive methods(contextualand
global)seemsto bemoresuitablesincethey makeuseof theinformationaboutthe
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neighborhoodof eachpixel. Bayesianrestorationin theframework of theHidden
Markov Models(HMMs) is amongthebestknown statisticalmethods.

This successis mainly due to the fact that when the unobservableprocess
�

canbe modeledby a �nite Markov model,then
�

canbe recoveredfrom the
observed process� using differentBayesianclassi�cation criteria like Iterated
ConditionalMode(ICM), MaximumA Posteriori(MAP) or MaximumPosterior
Mode(MPM). In anunsupervisedcontext, thestatisticalpropertiesof theclasses
areunknownandmust�rst beestimated.IterativemethodssuchasEM, Stochastic
Estimation-Maximisation(SEM)or IterativeConditionalEstimation(ICE) [9] can
beused.

In the imagedifferencingcontext, Bruzzoneet al. [10,3] reportchangede-
tectionresultsbasedon theHMRF model,theEM estimationprocedureandthe
ICM criterion. However, the regularity parameters,that control the homogene-
ity of the class �

� (and so the falseand misseddetectionrates),were set to a
particularvalue�x edfrom experiments.Theseparameterscanalsobeestimated
usingthestochasticgradientalgorithmproposedby Younes[11]. But, according
to our experiencein RS imagesegmentation,this algorithmcansometimeshave
dif�culties to converge.

A substantiallyquicker andsometimescompetitive alternative to theHMRF
modelin SARimagesegmentationis theHMC model.Thismodelcanbeadapted
to a 2D analysisthrougha Hilbert-Peanoscanof the image[6,7,12]. In that
model, the homogeneityof classesare tunedby a stationarytransitionmatrix
whoseestimationis muchmorerobust thanthe estimationof the regularity pa-
rametersin a HMRF model.Figure2 reportsthechangedetectionmapsobtained
from theDIs ���

���

�

�

and � �

���

�

�

, with the ICE estimationandtheMPM criterion.
Clearly, �

�

�
�

�

�

shows only smallchangedareas( ��� �
	 of pixels)whereas�
�

�
�

�

�

shows largeones( ����	 of pixels),which seemsconsistent(no ground-truthmap
is available).

In radarimages,the distribution of noiseis generallynot Gaussianandthe
mixturebetweentheclasses�

� and �
� wasestimatedwithin thePearson'system

of distributions[13,14]. Thissystemconsistsof mainlyeightfamiliesof distribu-
tionswith mono-modalandpossiblynonsymmetricalshapes(Gaussian,Gamma,
ExponentialandBetadistributionsamongothers).Eachdistribution in thePear-
son' systemis uniquelydeterminedby its four �rst moments
�� , ..., 
�� . Table1
reports,for thetwo DIs, thedistributionsselectedafter70 ICE iterations.

3 Vectorial HMC basedchangedetectionmethod

Whenchangedetectionis appliedto SAR images,several behavior canbe ex-
pected:
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Figure2. Two classessegmentationresults
�

� ��� ���

and
�

����� ���

of theDIs
�

����� � �

and
�

� ��� ���

.
In orderto reducetheimpactof thespeckleandthegeometricregistrationerrors,thevalue
of eachpixel in aDI is thedifferencebetweenthemeanvaluescomputedonasmallwindow
centeredon thepixel. Thewidth of thewindow wassetto � .
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– Whenthecaptorsaredifferent,thespecklenoisedoesnot have thesamebe-
havior. Then,statisticalparameterizationsof noisemay differ from � � and

� � .
– Whenthe captorsare identical,a differenceof viewpoint (ascendingor de-

scendingorbit, several incidences,...) yieldsa speci�c responsefor thesame
area.Then,changedetectionhasto beinvariantfrom captormodality.

Thoseremarksareprohibitivefor DI-basedapproachessinceadifferenceof speckle
characteristicsmaybeinterpretedasachange.We now proposeanovel approach
, calledjoint characterization, whoseprinciple is to considerthat � � and ��� are
a uniquerealizationof abi-dimensionalprocess� ���

�����
�
��� �

�
	 .
Parametersestimationand classi�cation can be performedfrom the multi-

componentextensionof theHMC modelwe have proposedrecentlyin [8]. The
maindifferencebetweenthe`scalar'andthe`vectorial' HMC modelslies in the
estimationof a multidimensionalmixture1, composedby the multidimensional
densities�
�

�
���

�
�

�

��� , ..., �����

���

�
�

�

��� , with � thenumberof classes.In fact, the
multicomponentHMC modeltakesinto considerationthedifferenceof modalities
between��� and �

� by meansof the multidimensionalstatisticalcharacteristics
of theclasses.But non-Gaussianmultidimensionaldensitiescanbedif�cult to es-
timate. Onesolutionis to usethetwo marginaldensities�����

���

��� and �
���

���

�
� of

�
�

�

���

�
�

�

��� . Severalstrategiesarepossible.If independencebetweenthelayersis
assumedthen ���

�

���

�
�

�

��� is thedirectproductof themarginals.However, in the
changedetectioncontext, suchassumptionis totally wrong. In orderto take care
of thelink betweenthe`before'and`after' images,thesolutionwe have adopted
consistsin combiningtheICE estimationwith anIndependentComponentAnal-
ysis(ICA) approach.

Figure3 reportsthe joint classi�cations � �

�

� �

�

, � �

�

� �

�

and � �

�

� �

�

� �

�

obtained
from the vectorial HMC model, with threeclasses( � � =`light gray', ��� =`dark
gray' and ��� =`black'). Notethatthethird resultis anexampleof a changedetec-
tion with two `before' andone`after' image.The�ooded areais representedby
the �

� classin �gures 3(b) and 3(c); sucha classcannot beseenin �gure 3(a).
This classrepresentsrespectively � � � 	 , � � �!� 	 and �"��� # 	 of thetotal numberof
pixels(to becomparedwith theresultsobtainedon theDIs in section2).

Theclassesrepresentinga thematicchangecanbedetectedaccordingto the
shapeandtheparametersof themarginal densities(eachof thembelongsto the
Pearson'systemof distributions). Indeed,onecanexpectthata changemodi�es
theshapeof marginalsconsiderably, sothatdifferentfamiliesof distributionsare

1 Thedimensionof themixtureequalsthenumberof imagesin themulticomponentpro-
cess,e.g.two for a `simple' ( $&% , $(' ) changedetectionproblem.
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Figure3. Images
�

����� � �

,
�

����� ���

and
�

� ��� � ��� � �

were respectively obtainedfrom the joint
classi®cationof images

� ���

,
�����

and
��� �

, with threeclasses.

selected.Thecomputationof adistancebetweendistributions(e.g.theKullback-
Leibler divergence)canhelp to automaticallydetectthesemodi�cations. Sucha
studyhasnotbeenperformedyetandremainsaninterestingissue.

4 Conclusion

Changedetectionin multitemporalSAR imagesis a challengingproblemsince
thematicchangesthat have to be detectedarehiddenby several sensor-inherent
andapplication-dependentfactorssuchasascendingor descendingorbit, several
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incidences,strongspecklenoise, ... In this work, the `joint characterization'
methoddo not considerpixel-basedchanges,but ratherthematicchangesas a
modi�cation of both spatialandtemporaldistributionsof classesin the images.
Theproposedsolutionis foundedon therecentmulticomponentHMC modeland
theICE parameterestimationprocedure.Theresultsweobtainedareencouraging
andthemethodshouldbefurthertestedby usingdatasetswith groundtruth data
in orderto estimatethefalseandmisseddetectionrates.We alsoplanto analyze
thefamiliesandtheshapesof selecteddensitiesinsidethePearson'system.It is
importantto notethat this techniqueremainsvalid for multidate(i.e. morethan
two dates)changedetectionproblems,andcanevenhelpto automaticallydecide
whenthechangeoccursin asequenceof `before'and`after' images.
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undercontractGET RE-315.Theauthorsaregratefulto F. Ribbes(CESBIO)for
providing theco-registeredERSimages.

References

1. E. Rignot andJ. Van Zyl. Changedetectiontechniquesfor ERS-1SAR data. IEEE
Trans.onGRS, 31(4):896–906,1993.

2. P. Deer. Digital change detectionin remotesensingimagery usingfuzzyset theory.
PhDthesis,Univ. of Adelaid,1998.

3. L. BruzzoneandD. Fern�andez-Prieto.An adaptative semi-parametricandcontext-
basedapproachto unsupervisedchangedetectionin multitemporalremotesensingim-
ages.IEEE Trans.on IP, 11(4):452–466,2002.

4. D.J. Weydahl. Changedetectionin SAR images. In Proc. of the IGARSS'91, pages
1421–1424,1991.

5. J. Inglada.Similarity measuresfor multisensorremotesensingimages.In Proc.of the
IEEE IGARSS'02, Toronto(Ca),24-28June2001.

6. B. Benmiloudand W. Pieczynski. Estimationdesparam�etresdansles châines de
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Table1. Estimatednoiseparametersfor thetwo DIs in Fig. 2.

Image
Four®rst moments

Law ��� ��� ��� ���

��� ��� ��� � 	�

����� Student't -4.3 187.9 -89.7 125245

�
	



����� Beta1 50.6 63.7 555.0 14958

�
� ��� ���

�

	�


����� Beta1 -7.1 257.6-2035.8200021

�
	



����� Beta1 42.1 267.5 3510.7 226925
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