UNSUPERVISED CHANGE DETECTION IN SAR IMA GES
USING A MULTICOMPONENT HMC MODEL
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In thiswork, we proposeo usetheHiddenMarkov Chain(HMC) modelfor fully
automaticchangedetectionin atemporalsetof SyntheticApertureRadar(SAR)
images. First, it is shavn that this model canbe usedas an alternatve to the
HiddenMarkov Randonfield (HMRF) modelin theimage differencingcontext.
We thenproposea hovel approachgalledjoint characterization whoseprinci-
pleis to considerthatthe “before'and after' imagesarea uniquerealizationof a
bi-dimensionaprocessParametergstimations performedrom amulticompo-
nentextensionof theHMC modelandthematicchangecanbedetectedccording
to thejoint statisticsof the classesn theimages.Preliminaryexperimentshav
promisingresults.

1 Intr oduction

Therecentdevelopmentsn satellitesandremotesensorstogethemith theneces-
sity for anef cient controlof the environment(managementf naturalresources,
risk assessmentlamagemapping,land usemonitoring, ...), offer new challeng-
ing applications Multitemporalchangedetections oneof themanda numberof
methodshasbeendesignedhe lastfew years(e.g.[1-3]). Basically changede-
tectiontechniquesely on someclusteringschemeshatidentify thecoordinate®f
pixelsthathave changedetweerntwo dates.In this work, we areconcernedvith
SAR imagesandwe assumehat the imageshave beengeometricallycorrected
andco-rajistered.

An exempleis givenwith thethreeSARimagesn gure 1. They shaw arice
plantationin SemarandJava Island)with mainly early rice, late rice and other
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Figurel. Threeco-rggisteredERS-1limagesof arice plantationin Java Island,Indonesia
(size: ). A ood canbeobsenedin thebottom-rightpartof the (c) image.

elds. The changethat hasto be automaticallydetectedconcernghe impactof
the ood inimage . Thesamagescontainmajordif culties: (i) specklanduced
by the backscatteringnechanismss really strong;(ii) errorsfrom the geometric
registrationscanbe expected;(iii) re ectivity of plantationshave beenmodi ed
during the period of obsenation; (iv) a ood appearsn the secondimageand
coversa partof theobseredscene.
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Thereis looselytwo mainmethodsn theliteratureto detectchangesn a set
of images: theimage differencingandthe post-classi cationcomparisontech-
nigues:

— In theimage differencingmethodg3], thecorrespondingixel valuesaresub-
tractedto producea new image(notedDI for "Differencelmage’) thatrepre-
sentsthe radiometricchangebetweenthe imagebefore( ) andtheimage
after( ). Pixel exhibiting a signi cant radiometricchangecanbe expected
to lie in thetail of the DI histogramwhereaghe remainingpixels shouldbe
groupedaroundthemean.Hence the histogramof a DI canbe considereds
amixture of two classegepresenting ="change'and™ ="nochange'.The
changealetectiorchallengebecomes classi cationproblemwhoseresultcan
bedirectly interpretedasa changedetectionrmap. Otherrepresentationthan
the DI canbe used,e.g. imageratioingwhich is considerednorerobustin
caseof SARimageq4] or animageof mutualinformation[5].

— The principle of the post-classi cationcomparisonmethods[?] is to, rst,
classifyindependentlthe  and imageswith a x ednumberof classes
and, second,comparethe classlabelsto detectand localize changes.The
classlabelscanbe comparedisinghardor fuzzy logics. Onedif culty is to
automaticallydetermineghe numberof classedor thetwo images.

In both kind of methodsthe accurag of changedetectionhighly depends
ontheclassi cationstrat@y adoptedanda numberof methodsareavailable. In
this work, we proposeto usethe HMC model([6, 7] for fully automaticchange
detectionn atemporalsetof SAR images.Section2 startswith a presentatiorf
themodelandgivessomedetectiornresultsin theimagedifferencingcontext. We
thenproposen section3 a novel approachgalledjoint characterization whose
principleisto considethat and areauniquerealizationof abi-dimensional
processParametergstimationis performedrom a multicomponenextensionof
the HMC model[8] andthematicchangecan be detectedaccordingto the joint
statisticof theclassedn theimages Preliminaryresultsontheimagesn gure 1
arepresentedConclusionandperspectiesaredravn in section4.

2 ScalarHMC basedchangedetectionmethod

As underlinedn theintroduction the changedetectionproblemcanoftenbecon-
sideredasaclassi cationchallenge Perpixelsmethodssuchasthek-meansthe
fuzzy c-meanor, in aBayesiarcontext, theblind Estimation-MaximizatiofEM)

algorithm, are often inef cient dueto the large amountof, possiblycorrelated,
specklein SAR images.Hence spatialcontet sensitve methodqcontextual and
global)seemdo be moresuitablesincethey make useof theinformationaboutthe
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neighborhooaf eachpixel. Bayesiarrestoratiorin theframework of theHidden
Markov Models(HMMs) is amongthe bestknown statisticaimethods.
This successs mainly dueto the fact that whenthe unobserable process

canbemodeledby a nite Markov model,then canberecoreredfrom the
obsened process using different Bayesianclassi cation criteria like Iterated
ConditionalMode (ICM), MaximumA PosterioriMAP) or Maximum Posterior
Mode (MPM). In anunsupervisedontext, the statisticalpropertieof the classes
areunknovnandmust rst beestimatedlterativemethodsuchaseM, Stochastic
Estimation-MaximisatiofSEM) or Iterative ConditionalEstimation(ICE) [9] can
beused.

In the imagedifferencingcontet, Bruzzoneet al. [10, 3] reportchangede-
tectionresultsbasedon the HMRF model,the EM estimationprocedureandthe
ICM criterion. However, the regularity parametersthat control the homogene-
ity of theclass (andso the falseand misseddetectionrates),were setto a
particularvalue x edfrom experiments.Theseparameterganalsobe estimated
usingthe stochastigradientalgorithmproposedy Youneg11]. But, according
to our experiencein RS imagesegmentationthis algorithmcansometimedave
dif culties to corverge.

A substantiallyquicker andsometimesompetitive alternatve to the HMRF
modelin SARimagesegmentatioris theHMC model. This modelcanbeadapted
to a 2D analysisthrougha Hilbert-Peanoscanof the image[6,7,12]. In that
model, the homogeneityof classesare tunedby a stationarytransition matrix
whoseestimationis much more robust thanthe estimationof the regularity pa-
rametersn aHMRF model. Figure2 reportsthe changedetectiormapsobtained
from the Dls and , with the ICE estimationandthe MPM criterion.
Clearly, shaws only smallchangedaread of pixels)whereas
shaws large ones( of pixels), which seemsconsisten{no ground-truthmap
is available).

In radarimages,the distribution of noiseis generallynot Gaussiarandthe
mixture betweertheclasses and™ wasestimatedvithin the Pearson’system
of distributions[13, 14]. This systemconsistof mainly eightfamiliesof distribu-
tionswith mono-modabndpossiblynonsymmetricashapegGaussianGamma,
ExponentialandBetadistributionsamongothers).Eachdistribution in the Pear
son' systemis uniquelydeterminedy its four rst moments , ..., . Tablel
reports for thetwo Dls, thedistributionsselectedafter 70 ICE iterations.

3 Vectorial HMC basedchangedetectionmethod

When changedetectionis appliedto SAR images,several behaior canbe ex-
pected:
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Figure2. Two classesggmentatiorresults and oftheDls and .
In orderto reducetheimpactof the speckleandthe geometriaregistrationerrors,thevalue
of eachpixelin aDl is thedifferencebetweenthemeanvaluescomputednasmallwindov
centerednthepixel. Thewidth of thewindow wassetto .
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— Whenthe captorsaredifferent,the specklenoisedoesnot have the samebe-
havior. Then, statisticalparameterizationsf noisemay differ from  and

— Whenthe captorsareidentical, a differenceof viewpoint (ascendingr de-
scendingorbit, severalincidences,..) yieldsa speci c responsdor the same
area.Then,changedetectiorhasto beinvariantfrom captormodality.

Thoseremarksareprohibitivefor DI-basedapproachesinceadifferenceof speckle
characteristicsnay beinterpretedasa change We now proposea novel approach

, calledjoint characterization whoseprincipleis to considethat and  are
auniquerealizationof a bi-dimensionaprocess

Parametersestimationand classi cation can be performedfrom the multi-
componenextensionof the HMC modelwe have proposedecentlyin [8]. The
main differencebetweerthe “scalar'andthe “vectorial' HMC modelslies in the
estimationof a multidimensionalmixture!, composedby the multidimensional
densities ) ey , with  the numberof classesIn fact,the
multicomponenHMC modeltakesinto considerationhedifferenceof modalities
between and by meansof the multidimensionalstatisticalcharacteristics
of the classesBut non-Gaussiamultidimensionatlensitiescanbedif cult to es-
timate. Onesolutionis to usethetwo marginal densities and of

. Severalstratgiesarepossible If independencbetweerthelayersis
assumedhen is the direct productof the maminals. However, in the
changedetectioncontext, suchassumptions totally wrong. In orderto take care
of thelink betweerthe "before'and after' imagesthe solutionwe have adopted
consistdn combiningthe ICE estimatiorwith anIndependen€omponenfAnal-
ysis(ICA) approach.

Figure 3 reportsthe joint classi cations , and obtained
from the vectorial HMC model, with threeclasseq ='light gray’, ="dark
gray'and ="black’). Notethatthethird resultis anexampleof achangedetec-
tion with two “before'andone after' image. The ooded areais representethy
the classin gures 3(b) and 3(c); suchaclasscannotbeseenin gure 3(a).
This classrepresentsespectiely , and of thetotal numberof
pixels (to becomparedwvith theresultsobtainedon the DIs in section?2).

The classesepresentingi thematicchangecanbe detectechccordingto the
shapeandthe parametersf the mamginal densitieseachof thembelongsto the
Pearson'systemof distributions). Indeed,onecanexpectthata changemodi es
the shapeof maginalsconsiderablysothatdifferentfamiliesof distributionsare

! The dimensionof the mixture equalsthe numberof imagesin the multicomponenpro-
cessg.g.twofora'simple'( , ) changedetectionproblem.
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Figure3. Images , and were respectiely obtainedfrom the joint
classi®catiorofimages , and ,with threeclasses.

selected The computatiorof a distancebetweerdistributions(e.g.the Kullback-
Leibler divergence)canhelpto automaticallydetectthesemodi cations. Sucha
studyhasnot beenperformedyetandremainsaninterestingssue.

4 Conclusion

Changedetectionin multitemporalSAR imagesis a challengingproblemsince
thematicchangeghat have to be detectedare hiddenby several sensofinherent
andapplication-dependemiactorssuchasascendingr descendingrbit, several
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incidences,strong specklenoise, ... In this work, the “joint characterization
methoddo not considerpixel-basedchangesput ratherthematicchangesas a

modi cation of both spatialandtemporaldistributions of classesn theimages.
The proposedsolutionis foundedon the recentmulticomponenHMC modeland

thelCE parameteestimatiorprocedureTheresultswe obtainedareencouraging
andthe methodshouldbe furthertestedby usingdatasetswith groundtruth data
in orderto estimatethe falseandmisseddetectionrates.We alsoplanto analyze
thefamiliesandthe shape®f selecteddensitiesnsidethe Pearson'system.lIt is

importantto notethatthis techniqueremainsvalid for multidate(i.e. morethan

two dates)changedetectionproblemsandcanevenhelpto automaticallydecide
whenthe changeoccursin asequencef “before'and after' images.
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Table 1. Estimatechoiseparameterfor thetwo Dls in Fig. 2.

Four ®rst moments

Image
Law

—  Studentt|-4.3{187.9 -89.7 |12524
Betal |50.6 63.7| 555.0 | 14958
— Betal |-7.1{257.6-2035.§200021
Betal |42.1{267.9 3510.7/226924




