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ABSTRACT

HiddenMarkov chain(HMC) models,appliedto a Hilbert-

Peanoscanof the image, constitutea fast and robust al-

ternative to hiddenMarkov randomfield (HMRF) models
for spatialregularisationof imageanalysisproblems,even

thoughthe latter provide a finer and more intuitive mod-

elling of spatialrelationships.In the framevork of gener

alisedmixture estimatiorandunsupervisedlassificatiorof

noisyimageswe hereshav thatthetwo approachesanbe
combinedin a way that conserestheir respectie advan-
tages. Sampleresultsobtainedon simulatedradarimages
arepresented.

1. INTRODUCTION

HiddenMarkov randonfield (HMRF) modelsareoftenused
to imposespatial regularity constraintson the underlying
classeof an obsered imageandto allow Bayesianopti-
misationof the classificationaccordingto criteriasuchas
the maximuma posteriori (MAP) or the maximumposte-
rior maginal (MPM). However, the computingtime is of-
ten prohibitive with this approach.A substantiallyquicker
alternatve is to usea hiddenMarkov chain(HMC) model,
which canbe adaptedo two-dimensionahnalysisthrough
aHilbert-Peanscanof theimage[1, 2, 3, 4].

In the caseof unsupervisedlassificationthe statistical
propertiesof the differentclassesareunknovn andmustbe
estimated For eachof the Markov modelscited above, we
can estimatecharacteristiqpparametersvith iterative meth-
ods suchas estimation-maximisatiodEM) [5], stochastic
estimation-maximisatio(SEM) [6], or iterative conditional
estimation(ICE) [7, 8]. Classicalmixture estimationcon-
sistsin identifying the parametersf a setof Gaussiardis-
tributions correspondingo the different classes. In gen-
eralisedmixture estimationwe are not limited to Gaussian
distributions,but to afinite setof distributionfamilies[9, 4].
For eachclasswe thus seekboth the correctdistribution
family andthe parametershatbestdescribdats samples.

In a recentstudy[10], we comparedanalysisschemes
basedon HMRF andHMC modelson simulatedsynthetic
apertureradar(SAR) images. We limited oursehesto the
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ICE estimationmethodand the MPM classificationcrite-
rion. It wasshavn thatthe HMC methodcancompetewith
theHMRF methodin termsof classificatioraccurag, while
beingmuchfaster The latter method,however, generally
producedmoreregular region bordersanda morevisually
pleasingresult,but the estimationof the regularity param-
etersoften failed. The idea behindthe currentarticle is
thereforeto combinethe speedand robustnessf the esti-
mationandclassificatiormethodshasedn HMCs with the
fine spatialmodellingof HMRFs. For theanalysisschemes
describedn this article,the only image-dependemarame-
terthatmustbeenteredy theuseris thenumberof classes.
In additionthelist of distributionfamiliesthatareallowedin
the generalisednixture mustbe adaptedo theimagetype.
All otherparameterarecomputecautomatically

The article is organisedas follows: In section2 the
HMRF andHMC modelsarebriefly introduced.Section3
givesanoverview of thelCE parameteestimatiormethods
andtheMPM classificatiorschemegor theseMarkov mod-
els. More detaileddescriptionsof modelsand methodsas
well asimplementatiordetails,aregivenin [10]. Themain
issueof this articleis a new approachbasedon a combina-
tion of the two schemesnentionedabove. Estimationand
classificatiorresultsobtainedon simulatedSAR imagesare
reportedin section4, and our conclusionsare resumedn
section5.

2. MODELS

Let S bethefinite setcorrespondingo the N pixelsof an
image. We considertwo randomprocesseY = (Y;)ses
andX = (X;)scs, WhereY representtheobsenedimage
andX the unknown classimage. Typically, eachobsened
pixel amplitudeY; depend®n severalfactors,ncludingthe
radiometricpropertief theunderlyingclassX s, thetrans-
fer function of the imaging system,andvariousnoisephe-
nomena.Eachrandomvariable X ; takesits valuesfrom a
finite setof classeglabels),whereasachrealisationof Y,
is areal (or compl) value. We heresupposehatthe ran-
domvariablesY areindependentonditionallyon X, and
thatthe distribution of eachY, conditionalon X is equalto
its distribution conditionalon X ;. Thisbasicallymeanghat
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Fig. 1. (a) Pixel neighbourhoodtructurel” and(b) associ-
atedclick familiesC; andCs in the caseof 4-conneciiity.

we supposespatiallyuncorrelatedhoise.

X isin mary caseswvell describedy a Markov model.
In this context we refer to it asa hiddenMarkov model,
asX is not directly obsenable. The classificationproblem
consistgn estimatingX = x from theobsenationY =y.

2.1. Hidden Mark ov Random Fields

Markov randomfields are definedwith respecto a neigh-
bourhoodstructureV’, suchasthe oneshavn in Fig. 1 (a).
X is a Markov randomfield if andonly if the probability
thatthe pixel s belongsto a certainclassz,, conditionalon
theclassesttributedto thepixelsin therestof theimage,is
equalto the probability of z,, conditionalon the classeof
thepixelsin its neighbourhood’;.

On certainconditions,which are generallyassumedn
digital imagery the Hammerslg-Clifford theorem[11] es-
tablishesthe equivalencebetweena Markov randomfield,
definedwith respectto a certainneighbourhoodstructure
V, anda Gibbsfield whosepotentialsare associatedvith
V. The potentialsare computedon the systemof clicks
C, which describeghe elementaryelationshipswithin the
neighbourhoodWe have restrictedoursehesto a 4-neigh-
bourhoodandclick family Cs, asshovnin Fig. 1, andPotts
modelwith regularity parameten\ [10].

TheHammerslg-Clifford theoremBayes’rule andthe
conditionalindependencef the samplesallow usto derive
analyticalexpressiondor the global a posteriori distribu-
tion P(X = x|Y = y) andthelocal a posterioriprobabili-
tiesP(Xs = zs|Ys = ys, (Xt = zt)iev, ) in theframavork
of theHMRF model.

It is not possibleto createan a posteriorirealisationof
X accordingto P(X = x|Y = y) directly, but it canbe
approximatedteratively, e.g.with Gibbssamplef12]. This
algorithmcanalsobe usedto createa priori realisationf
X. Dueto their iterative natureandslow corvergence the
computingtime is considerable.

2.2. Hidden Mark ov Chains

A 2D imagecaneasilybetransformednto a 1D chain,e.g.
by traversingthe imageline by line or columnby column.
Anotheralternatve is to usea Hilbert-Peanascan[1], asil-
lustratedby Fig. 2. (¢). GeneralisedHilbert-Peanscang?2]
canbe appliedto imageswhoselength and width are not
powersof 2.
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Fig. 2. Constructiorof a Hilbert-Peancscanfor an8x8im-
age:(a)initialisation, (b) intermediatestageand(c) result.

In a slightly differentsensethan above, let now X =
(X1, Xs,...,Xy)andY = (Y1,Ys,...,Yy) bethevec-
tors of randomvariablesorderedaccordingto suchatrans-
formation of the classimageandthe obsened image, re-
spectvely.

Accordingto the definition, X is a first order Markov
chainif andonly if the probability that X,, = z,, given
theclasse®f all the precedingelementsn thechain X; =
T1,-.-,Xpn_1 = Tn_1, IS equalto the probability of X,, =
x,, conditionalon X,,_1 = z,,_1 only.

Theregularity parametersf theHMC modelaretheel-
ementf a stationarftransitionmatrix A, anda posteriori
realisationsanbecomputedirectly, i.e., withoutiteration,
through so-calledforward-badkward recuisions Unfortu-
nately theoriginalforward-backvardrecursionsaresubject
to seriousnumericalproblemsg[13, 3], sowe have usedthe
alternatve methodproposedy Devijveretal.[13, 10]. The
fact that no iterative proceduresare necessaryo simulate
a posteriori realisationsmales this approachmuch faster
thanestimationandclassificatiorscheme$®asedn HMRF
models.

3. METHODS

In practise the regularity parameterandthe parametersf
thedistributionsof the classesareoftenunknavn andmust
beestimatedrom theobsenation. Theproblemis thendou-
ble: We neitherknow the characteristic®f the classesior
which pixelsarerepresentatie for eachclass.

We first presentclassicmixture estimation,where all
classesare supposedo be Gaussian,and then introduce
generalisednixture estimation,where several distribution
families are possiblefor eachclass. Thereare several it-
eratve methodsfor mixture estimation,including EM [5],
SEM[6] andICE [7, 8]. We only considetthelatterhere.

In a Bayesianframework, the goal of the classification
is to determinethe realisationX = x that“best” explains
theobsenationY =y, in thesenseahatit minimisesacer
tain costfunction. Several costfunctionscanbe ervisaged,
leadingto differentcriteria, suchasthe MAP, which aims
atmaximisingthe globala posteriori probability P(X|Y),
andthe MPM, which consistsin maximisingthe posterior
mauginal distribution P(X,|Y) for eachpixel. We here
only consideMPM classification.

Themethodsareonly describedrery briefly in this arti-
cle,andwefocusonthedifferencedetweerthetwo Markov
models.As alreadymentionedmorethoroughdescriptions



Fig. 3. Classificationof a simulated3-look SAR imageinto 3 classes(a) Idealclassimage. (b) Specklecamplitudeimage.
Resultsobtained(c) with the HMRF methodand(d) with theHMC method.

andimplementatiordetailsaregivenin [10]. However, we work of classicmixture estimatiorandHMRFs, thefollow-
hereexplain how thesetwo approachesanbecombinedn ing computatiorstepsarecarriedout for eachiteration:

orderto improve the efficiency. e A certainnumberof a posteriorirealisationgrecom-

putedwith Gibbs sampley basedon the parameters

3.1. Mixtur e Estimation obtainedn the previousiteration.

ICE consistsn computingtheconditionalexpectatiorof the e Theclassparametergwhich arethe meanvalueand
parametersAs theidealclassmageX is unknavn, thelCE the variancefor a scalarGaussiardistribution) and
algorithmiteratively creates posteriorirealisationgndre- theregularity parameterareestimatedor eachreal-
calculateghe classandregularity parametersin theframe- isationandthenaveraged.
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Fig. 4. Fit of the generalisednixture estimationperformed(a) by the HMRF methodand (b) by the HMC methodon the

simulated3-look SAR imagewith 3 classes.

The ICE algorithmneedsnitial parameterswhich can
be computedrom aninitial classimage.We have usedthe
K-meansalgorithm,which subdvidesthe grey-levelsin K
distinctclassesteratively.

In thecaseof HMRFs,theregularity parametei cannot
be estimatedlirectly. We have choserto estimate in each
ICE iterationwith amodifiedstochastigradientalgorithm,
relying on a seriesof a priori realisationscomputedwith
Gibbssamplef10].

In orderto reducethe computationtime, we generally
computeonly onea posteriorirealisationfor eachiteration
of the ICE andonly onea priori realisationfor eachitera-
tion of the stochastigradient. This simplificationdoesnot
imply ary significantperformancdoss.

The procedurds similar for the analysisschemebased
on HMCs [10], exceptthata posteriorirealisationscanbe
simulatedwithout iteration, throughforward-backvard re-
cursions.Moreover, theregularity parameterganbe com-
puteddirectly from the conditionalprobabilities. This ap-
proachis thereforeconsiderablyaster

3.2. GeneralisedMixtur e Estimation

In generalisednixture estimation,the distribution of each
classis not necessarily{Gaussianbut canbelongto ary dis-
tributionfamily in apredefinedet. Thisimpliesthefollow-

ing modificationsto theabove ICE algorithms:

e The parameterf all possibledistribution families
are computedfrom the a posteriori realisationsfor
eachclass.

e The Kolmogorw-Smirnor distanceis usedto deter
minethemostappropriataistributionfamily for each
clasg[4, 10].

3.3. Classification

Whenthe distribution families and the associategharame-
tersof eachclasshave beendeterminedwe canproceedo
the classification.In the caseof HMRFs, the MPM [14] is
computedasfollows:

e A serieof independena posteriorirealisationof X
arecomputedteratively, usingGibbssampler

e For eachpixel we retainthe classthat hasoccurred
themostfrequentlythere.

Therequirednumberof a posteriorirealisationsanditera-
tionsperrealisatiorwill bediscussedn sectiord.

TheMPM solutioncanbecalculateddirectly for HMCs,
basedon one forward-backvard recursion. We simply at-
tributeeachpixel to the classthatmaximisegshemaiginal a
posterioriprobability

3.4. Hybrid Method

Preliminarytests[10] revealedthat the schemebasedon
HMRFsin mary casesasdifficultiesin estimatingthereg-
ularity parametersyhereagheestimationrmethodbasecdn
HMCsis veryrobust. Thelattermethodis alsomuchfaster
Neverthelessin casesvherethe HMRF methodestimates
theregularity parametersorrectly it providesa moresatis-
factoryclassificatiorresult. In particular it producesnore
regularregionborders.

In orderto take advantageof the positive sidesof both
approacheswhile avoiding the negative ones,we propose
a hybrid method,wherewe first run the ICE andMPM al-
gorithmsin the framewvork of the HMC model, andthen,
initialising with the estimatecharametersgffectuateonly a
very restrictednumberof ICE iterationsandthefinal MPM
classificatiorwith the HMRF versionsof thealgorithms.



Fig. 5. Classificationof a simulated3-look SAR imageinto 4 classes(a) Idealclassimage. (b) Specklecamplitudeimage.
Resultsobtained(c) with the HMRF methodand(d) with theHMC method.

4. RESULTS

In orderto comparehethreeapproacheguantitatvely, we
have createdwo simulatedsyntheticapertureradar(SAR)
images. Both visual interpretationand automaticanalysis
of datafrom imaging radarsare particularly difficult, due
to a fading effect called spe&le, which manifestsitself as
astronggranularityin detectedamplitudeor intensity)im-
ages.For example,simpleclassificatiormethodshasedon
thresholdingof grey-levels are generallyinefficient when

appliedto speckledmagesdueto the high degreeof over
lap betweenrthedistributionsof the differentclasses.

Thepossibldistributionfamiliesin thegeneralisedhnix-
turehasbeenchosersothatthey arewell adaptedo single-
and multi-look amplituderadarimages[15]. For simplic-
ity, we here consideronly two distribution families, cor
respondingto homogeneousind textured classesrespec-
tively. Assumingthe speckleto be spatially uncorrelated,
the obsened intensityin a zoneof constantreflectiity is
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Fig. 6. Fit of the generalisednixture estimationperformed(a) by the HMRF methodand (b) by the HMC methodon the

simulated3-look SAR imagewith 4 classes.

Gammadistributed. If we assumeéhat the radarreflectiv-

ity texture of a classis Gammadistributed, the obsered

intensitywill obey aK distribution. The correspondingm-

plitudedistributionsaregivenin [10]. Theequivalentnum-

ber of independentooks L of theimageis assumedo be

known. The meanreflectvity R andthe texture parameter
a areestimatedautomatically{10].

4.1. Simulated SAR Image with ThreeClasses

Figs. 3 (a) and (b) represenian ideal classimagewith 3
classeandits 3-look (L = 3.0) speckledcounterpart.The
darkestand brightestclassesare both Gammadistributed,
whereaghe onein themiddleis K distributedwith texture
parameter = 4.0. The contrastbetweentwo consecutie
classess 3.5 dB. Theimagesizeis 512 x 512 pixels.

Let usfirst considethel CE andMPM algorithmsbased
on the HMRF model. We use 30 iterationsfor the ICE al-
gorithm, with only onea posteriorirealisatiorperiteration.
As theresolutionis notthe samevertically andhorizontally
for this image,we allow differentregularity parametersn
the two directions, with initial valuesA, = A, = 0.5.
Within eachICE iteration, the maximumnumberof iter-
ationsfor the stochasticgradientis setto 10, with onea
priori realisationperiteration,but we interrupttheiteration
earlierif \; and ), differslessthan0.01 from the previ-
ousvalues. Gibbs samplerwith asmuchas 100 iterations
is usedto generatehea priori anda posteriorirealisations.
The corvergenceof theglobalenegiesis in factquite slow,
especiallyfor realisationsaccordingo thea priori distribu-
tion. The MPM classificationbasedon the HMRF model
relieson 10 a posteriorirealisationsTheregularity param-
eterswereestimatedo A\, = 0.37 and, = 0.68, respec-
tively. However, the classificatiorresultin Fig. 3 (¢) seems
fartooirregular, andonly 72.7% of the pixelsarecorrectly
classified.

The numberof ICE iterationsis setto 30 alsofor the
correspondin@gnalysisschemebasedon the HMC model,
andwe computeonly onea posteriorirealisationperitera-
tion. Fig. 3 (d) shavs theresultof the MPM classification.
The methodbasedon HMCs heregivesa moresatisactory
result,with 83.9% of correctlyclassifiedpixels. In partic-
ular, the overall regularity of the imageseemso be better
estimated.

Both methodscorrectly identify Gammadistributions
for the darkest and brightestclasses,but only the HMC
methodfoundthattheclassin themiddlewasK distributed.
Thefit betweenthe estimatedandthe true distributionsin
Fig. 4 is generallyvery good,exceptfor the casewherethe
HMRF methodchooseghewrongdistribution family.

The computingtime is quite differentfor the two ap-
proaches:The programmebasedon HMRFs spentabout
120 minuteson a PC with a Pentiumlll 733 MHz proces-
sorrunningLinux, whereaghe programmeéasednHMCs
only needed3 minutesand 12 seconds. Hencethe latter
methodwas37 timesquicker for thisimage.

4.2. Simulated SAR Image with Four Classes

Fig. 5 (a) representsan ideal and approximatelyisotropic
512 x 512 classimagewith 4 classesandFig. 5 (b) shavs
the correspondingpeckledmage. The parametesettings
and the radiometriccharacteristicf the classesare the
sameasfor the imagein Fig. 3, exceptthat an additional
Gammadistributed classwith higherreflectvity hasbeen
added Fig. 5 (c) and(d) representheresultsobtainedwith
theHMRF andHMC methodsrespectiely.

Theregularity parametefor the HMRF methodis here
A = 0.65, which visually gives a very satishctoryresult,
andthe proportionof correctly classifiedpixelsis 87.0 %,
whereast is 85.2% for the methodbasedon HMCs. The
bordersareslightly moreirregularfor thelattermethod but



Fig. 7. Classificatiorresultsfor the simulated3-look SAR imageswith (a) 3 classesand(b) 4 classespbtainedwith the new

methodcombiningHMC andHMRF models.
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Fig. 8. Fit of the generalisednixture estimationfor the simulated3-look SAR imageswith (a) 3 classesand(b) 4 classes,
obtainedwith the new methodcombiningHMC andHMRF models.

someof the narrov structuresare betterpresered. Both
methodscorrectlyidentifiedthe distribution families of all
four classesandthefit of theestimatedlistributionsis com-
parable,ascanbe seenfrom Fig. 6. The HMC algorithm
was,however, 25timesfaster Thecomputingimewashere
3 minutesand 19 secondsagainst84 minutesand21 sec-
ondsfor the HMRF method.

4.3. Hybrid Method

The rationaleof the new hybrid methoddescribedn sec-
tion 3.4 is to combinethe computingspeedandthe robust

mixture estimationof the HMC methodwith thefine spatial
definition of HMRF models. We have used30 ICE itera-
tions for the HMC part, followed by one single ICE itera-
tion with onea posteriorirealisationandthe MPM with 10
a posteriorirealisationdor the HMRF algorithms.

Fig. 7 (a) representghe classificationresult obtained
with the new methodon the simulatedSAR imagewith 3
classes.Visually, the classificationresultis far betterthan
thosegivenin Fig. 3, andthe portion of correctlyclassified
pixels hasincreasedo 85.8%. The distribution families
of thedifferentclassesarecorrectlyidentified,andthe esti-
matedregularity parametersure )\, = 0.61 and\, = 0.67.



ComparingFig. 8 (a) with Figs. 4 (a) and(b), we seethat
theoverallfit of theestimatedlistributionsisimproved. The
computingtimeis 11 m 38s, whichis nearly4 timesslower
thanthealgorithmbasedn HMCs, but 10 timesfasterthan
themethodbasedon HMRFs.

Likewise, Fig. 7 (b) representshe classificationresult
obtainedwith the hybrid methodon the simulatedSAR im-
agewith 4 classeslt is very closeto the classificatiorresult
in Fig. 5 (c), obtainedwith the HMRF method. The por-
tion of correctlyclassifiedpixelsis the same(87.0%) and
the estimatedegularity parameteis very close(A = 0.67),
but the new methodis approximately7 timesfaster Thefit
of the estimateddistributions, shavn in Fig. 8 (b), is also
slightly better

5. CONCLUSION

This article describesunsupervisedlassificationof noisy
imagedn theframeavork of hiddenMarkov modelsandgen-
eralisedmixture estimation.Methodsbasedon HMCs, ap-
plied to a Hilbert-Peanoscanof the image, constitutean
interestingalternatve to methodshasedon HMRFs, mainly
becausehey are considerablyfasterand becausehe esti-
mation of the regularity parameterss much more robust.
However, HMRFs ultimately offer finer spatialmodelling.
We thereforeproposea nen hybrid method,wherewe use
HMCs first and HMRFs only for the final estimationand
classification. Testson simulatedSAR imageshave con-
firmedthatthe hybrid methodis fastandrobustandyields
excellentmixture estimationandclassificatiorresults.
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