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Abstract— We assesshe useof an approximation to the Bayes
factor for objectively assessingpatial segmentationmodels. The
Bayesfactor allows us to automatically determine thr esholds,in
multidimensional feature space for suchobjectivesascloud mask
definition. We compare our resultswith a cloud map currently
provided asa data product.

Index Terms—Bayes factor, Bayes information criterion, BIC,
model selection, multiband image, principal componentsanaly-
sis, Gaussianmixtur e model, segmentation,Mark ov model, Potts
prior

|. INTRODUCTION

Theproblemof classificatiorandrelateddecision-makingds essen-
tially the problemof definingmultiple thresholdsThe optimal defini-
tion or selectionof suchdecisionboundariess a difficult problemfor
a numberof reasonswe areusuallyconcernedvith irregularregions
in decisionspacethedistribution of signaland/ornoisein our datais
not amenableo a priori fixed settingof thresholdsand classification
or decision-makings usuallymultivariate.

A Bayesian assessmenframavork provides an objectve and
generally-applicablepproachto classificationand relateddecision-
making. In this article, we apply a Bayesfactorapproactto the clas-
sification of pixels as being cloud or non-cloud. The Bayesfactor
developedby Jefreys in the 1930s[11], is the posterioroddsof one
modelover anothemwhenthe prior probabilitiesof thetwo modelsare
equal. Approximationsto the Bayesfactorare usedin practice: we
usethe pseudo-likelihood information criterion, BICp 1, in this arti-
cle, which is the Bayesinformationcriterionin the pseudo-liklihood
case.

The contritution of this work lies in the experimentaltesting of
BICpr asan objective criterion for defining multidimensionaldeci-
sion boundaries.As will be discussedelaw, cloud maskdataprod-
uctsaretypically determinedrom selectecspectralbands,engineer
ing data,andwhat amountsto a traineddecisiontree classifier Our
approachis unsupervisedfast, objective, and can be appliedto ary
imagedata.

Il. SPATIAL CLUSTERING

A. Model and Algorithm

Following the traditionalapproach24], [19], [17] to determining
the sgmentlabel map, X, we usea maximuma posteriori,or MAP,
estimateasfollows:

)

X = agmax,p(X | %) [[p(Y | X = k,6})
k

for sggmentor classk, obsered multibandvectorY, andmodelpa-
rametergelatedto the segmentmapé* andto the obsered dataand

F. Murtaghis atthe Schoolof ComputeiScienceQueens University Belfast,
Belfast BT7 1NN, Northernlireland. D. Barretois at the Departamentale
Sehalesy Comunicacioned).L.P.G.C,CampudJniv. deTafira,35017LasPal-
masdeGranCanariaSpain,andwasat Queens University Belfastwhenwork-
ing on this paper J. Marcellois at the Departamentale Sehalesy Comunica-
cionesU.L.P.G.C,CampudJniv. deTafira,35017LasPalmasde GranCanaria,
Spain.Author for correspondencd=. Murtagh,emailf.murtagh@quiac.uk

segmentmap, 67 . To simplify notation, for the presentwe do not
write the pixel index 4 for eachoccurrencef thelabelmapX andthe
obsereddataY. Thefirst term,aswill be seenbelaw, is definedby
a Pottsenegy function. The secondtermis takenin this work asa
multivariateGaussiansothatparameter§; aresggmentmeansyari-
ancesandcovariancesIn equation(1), theprioris p(X | %) andthe
likelihoodof region k is modeledoy p(Y | X = &, 6} ).

The parameterset, ©x = {6*,6; | k = 1,2,... K} is to be
estimatedandwe usemaximumlik elihoodfor this. Thereareother
relatedapproachege.g. usingMAP insteadof ML: alucid discussion
canbefoundin [1]).

Whatwe have describeds tractableand hasa considerabldradi-
tion. If I is someinformationcriterion,thenmodelselections arrived
at by optimizing the additionalterm, agmax, I (O ). This leadsto
afully unsupervisedlgorithmwhereinall parametersancludingnow
K, the numberof segments,are estimated.In practicethis requires
resultsfor variousvaluesof K. Model selectionwill be discussedn
sectionB below.

We now returnto the questionof choiceof prior. We will usea
Markov randomfield, or MRF, prior [4], [24], [19], to expressspatial
interrelationship. This is an interactionmodel on a lattice structure.
The processs Markov with respecto a neighborhoodstructure. The
Pottsprior is given by

p(Xs) ocexp [ ¢ (X, X;)
JEN;

whered is a Dirac deltafunction with 1 if labelsX; = X;, and0

otherwise;N; is the neighborhoodf i definedasthe 8 pixel nearest
neighborsand¢ is aspatialcohesionvalue, takenasconstanbverthe

imagepixels. This leadsto thefollowing conditionaldistribution:

p(Xi =k | Ni, ¢) = exp (pU(N;, ) /Zap (BUNi, 5))

wherethe enegy term U (NV;, k) is the numberof pixelsin A; which
have label k.
We definethe pseudo-likelihood[4], [24] as

PL=[]p(Xi = k| Ni,¢) @)
k

i.e.,PLis the productof conditionaldistributionsonthe MRF, givena

currentrealizationof thelabeling. We usethe conditionaldistribution,

p(X; =k | Vi, ¢), asthetermp(X | %) in equation(1), which we

estimateusingmaximumpseudo-lilkelihood.

The algorithmwe useis Besags [4] Iterative ConditionalModes,
ICM. Thealgorithmis asfollows. We usea maginal segmentatiorto
find a first estimate, X. Thenwe updatethe estimateof parameters
ék by maximizingthelikelihoodin equation(1), giventhecurrentX'
Next we estimatep usmgmaX|mumPL equation(2), agalnusmgX
asgiven. Finally, 9Y and¢ have now beenupdatedandwe updateX
usingtheoveralla postenorlrelatlonderwedfrom equation(1):

Xi =k | Ni, ¢) ©)

The successiomwf threemajor stagesn the algorithmis iterateduntil
corvergence.Cornvergenceis guaranteedyut to alocal optimum.

X; = angmax,p(Y; | Xi = k)p(
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B. Model Selection using BIC and BICpL,

We denotethe overall model,whichwe havefit to ourdata,asMx .
M is definedfrom thedistributionsandall parameters® x, andthe
spatialinteractionmodel.

We now wishto investigateonesuchmodelversusanotheri.e. M
versusM g for two choicesof numbersof classesK andK’. With
referencdo cloudclassificationye seekoptimal K in orderto provide
abestestimateof cloudlabels,in someparticularsetof segmentsk €
K.

The posteriomprobability of model Mk, with pixel labeling X, is

p(X | Mk)p(Mx)
i p(X | Mj)p(M;)

p(Mk | X) = (4)

Taking eachmodelasequilikely impliesthatp(Mx ) andthe M; are
constant.

The Bayesfactor is the posterior odds of one hypothesiswhen
the prior probabilities of the two hypothesesare equal: p(X |
Mg)/p(X | Mg:). Thetermp(X | Mk) is the integratedlikeli-
hoodratherthanthe maximizedlik elihood.

Theintegratedlikelihood,p(X | Mk), is givenby

p(X | M) = /p(X | Ok, Mk)p(Ox)dOk (%)

We havethatp(X | ©x, Mk) is theusuallikelihood. Finally p(O )
is theprior, whichwe will assumesequilikely for all M.

A goodapproximatiorto theintegratedlik elihoodis givenin terms
of BIC, Bayesinformationcriterion[20], [12]:

BIC = 2logp(X | Ok, Mk)— | Ok |log N (6)
where© x is themaximumlik elihoodestimatorof O, i.e. theresult
of the Gaussiamixturefitting. N is the dimensionalityof the obser
vationvectorsand| ©x | is thecardinalityof the parameteset.

Finally the Bayesfactoris approximatecdy the differenceof BIC

terms,whichin turn arethemaximizedlik elihoodresultsof modelfits
for differentnumbersof classesK andK':

p(X | Mk)

X130 BIC(K) — BIC(K")

2log ©)

In operation,a plot of BIC for increasingnumbersof classes K,
generallyshavs increaseo an approximateplateau. We canusually
increasehe modelfit indefinitely by increasingK. It is usualto con-
siderthefirst peakin this plot, or the effective reachingof the plateau,
to provide theoptimalvalueof K. Thisis motivatedby the Ockhams
razorparsimor principle[10]. We canalsoderive the BIC termasa
minimuminformationmeasurg9], [16].

In the MRF spatialinteractionsituation,a combinatorialexplosion
comesaboutwith useof the likelihood. BIC involvesintegratingthe
likelihood of the obsered datagivenin equation(3). Thereare K~
possibleconfigurationgor NV pixels.

Thereforewe usethe more tractablepseudo-liklihood insteadof
thelikelihood. Ratherthansummingover all possibleconfigurations
of X, we considerconfigurationsloseto the ICM estimateof X, X.
We considereachpixel vectorY; in turn and conditionon X, ie.

theneighborhooaf )AQ. Then,insteadof thelik elihood,

> (Y| Xi = k)p(X; = )
k=1

we usethe pseudo-likelihood,

K

D p(Yi| Xi = k)p(Xi = k | N, ¢)

k=1

which is the sumof the sameexpressiorusedin equation(3). As al-
readynoted,thefirst termof this expressioris amultivariateGaussian
distribution, and the secondtermis the conditionaldistribution used
with the Pottsprior density

The pseudo-likelihood of the image(the Y; termsareindependent,
conditionalon the underlyinghiddenstates)s then:

[1p: | Xui,6)

2

=TI p(¥: | Xi = K)p(X = k | NG, ) ®

i k=1

This is the likelihood integratedover the approximateposteriordis-
tribution of a setof modelsnearthe MAP estimateof X. Denoting
equation(8) asPL(Y | K), BIC which addressethe computational
implicationsof the spatialmodelbecome$21], [22]:

BICpr(K) =2logPL(Y | K)— | Ok | log N 9)
BICpL, spatially-friendlyBIC, is usedin thesameway asBIC, i.e.we
vary K = 2,3, ... andfind afirst relative maximum.We mayoverrule
this principle (cf. experimentatiorbelow) if alessparsimoniousesult
is more meaningful. In this situationthe parsimory principle is the
first relative maximumof BIC p;, abore a smallestacceptableumber
of sggmentsi.e.for K > Kj. Thecurvesproducedo notusuallyin-
creasdo aplateauasin thecaseof BIC. Alternative spatial-respecting
approximation®f BIC arestudiedin [7].

The model selection proceduredescribedprovides a principled
frameawork, which we shawv in thefollowing sectiongo be scalableto
realproblemsnvolving multiband(andpotentiallythemulti-temporal,
multisourcedata,with ancillary GIS data,usedin [19]). TheICM it-
erative procedureusedis alsofast: otheroptimizationtechniquesare
farcostlierin computationatequirementgamongwhich arethosedis-
cussedn [15], [8]). It remainsan openproblemto carry outacom-
prehensie comparatie assessmerf trade-ofs betweercomputation
time andquality of solution;or indeedthe choiceof priors[3].

I1l. CLOUD MASK ALGORITHMS

Cloudsaregenerallycharacterizedy higherreflectanceandlower
temperatur¢hantheunderlyingearthsurface. TheMODIS (Moderate
Resolutionimaging Spectroradiometeiipstrumentprovides high ra-
diometricsensitvity in 36 spectrabandsrangingin wavelengthfrom
0.4 pmto 14.4 ym. The MODIS Flight Instrumentused,ProtoFlight
Modelor PFM, is integratedonthe Terra(EOSAM-1) spacecraftom-
missionedaspartof NASA's EarthObservingSystem.Terrasuccess-
fully launchedn Decembet1999.

Of the 36 MODIS spectralchannelsavailable, 17 visible andin-
fraredradiancesreusedto developthe MODIS cloudmask[13]. The
approachis the sameas usedby NOAA, basedon the Saundersind
Kriebel algorithm [18] (seealso[5]). This schemeconsistsof five
testsappliedto eachindividual pixel to determinef thatpixel is cloud
free. Thepixel is only identifiedascloudif it passevery testto cer
tain conditions. The basicideaof this cloud detectionis sustainedn
the differentcontrastfor cloud/cloudfree pixels. MODIS has250m
resolutionin two of thevisible channels500 m resolutionin five visi-
ble andnearinfraredchannelsand1000m resolutionin theremaining
channels.

IV. MODIS DATA ANALYSIS

A. Description of Data

Unlike in the caseof a trainableclassifier(e.g., multilayer percep-
tron)theunsupervisedlassificatiortechniquesisedhererequirecare-
ful choiceof inputdata.If this werenotso,the multivariateGaussian
p(Y | X), for example wouldtry to caterequallyfor appropriatespec-
tral bandsandfor irrelevantspectrabands Fromthe 36-bandviODIS
radiancedatasebf the Atlantic region we chosebandsl, 2, 18, 20,27,



29, 31, 32 and 35. Thesebandsgive informationaboutclouds(high
cloudsamdlow clouds).Therestof thebandsusedby MODIS to pro-
ducetheir cloud mask,which arebands4, 5, 6, 7, 19, 22, 23 and 26,
give informationaboutsnav, shadev contaminationaerosolandthin
cirrus. We did notincludebandsb, 6 and19 sincethey hadholesand
werethereforencompletepands4, 6 and7, associateavith snav and
aerosol,sincethey are usedto setthresholdsin the cloud algorithm,
andthresholdsarenot usedby us; bandss, 19, 22 and23, particularly
usefulfor shadav, andagainnot of benefitto us;andband26 whichis
a particularcirrus detectorandadequatelyateredor in otherbands.
All bandsdiscussedhereareshavnin [2].

A first principalcomponenbf theselectedandss shavn in Figure
1. Eachbandwasof dimension2030 x 1354 andoriginal pixel values
were64 bit doubleprecisionfloating. Thedataarefrom 2000Septem-
ber24 at12:10UT. The cloud maskimageprovided by MODIS prod-
uctMODO035 L2 is usedto assessurresults.TheMODIS cloudmask
productwasdesignedo meetthe needf awide variety of usersand
thereforethereare severalwaysto definea cloud maskdependingon
thetolerancefor cloud or clear In our casewe areonly interestedn
the bestestimateasto whetherthereis cloudor not.

Fig.1. MODIS first principalcomponentmage.

B. BICpr, on Multiband Data

For the MODIS data, we will usethe MRF-basedclassification,
with BIC p1, asthe parsimoly modelfit criterion.

Figure2 shavstheBICp, valuesfoundfor asuccessionf numbers
of sggments,basedon the processingf the 9-banddataset.Thereis
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Fig. 2. BICpy, valuesfor varying numberof segments,usingthe MODIS
9-dimensionamultibandimage.

TABLE |
RESULTS OF COMPARING THE SPATIAL CLUSTERING RESULT OF FIGURE 3
WITH THE GROUND TRUTH IMAGE OF FIGURE 4.

Entireimage,segments3, 4 takenascloud  Spatial
Cloudpixelsrecovered(% of groundtruth) 86.18%
Cloud pixelslost (% of groundtruth) 13.82%
Falsealarms(as% of result) 27.53%
Entireimage,segment4 takenascloud Spatial
Cloudpixelsrecovered(% of groundtruth) 48.09%
Cloudpixelslost (% of groundtruth) 51.91%
Falsealarms(as% of result) 1.22%

very clearevidencein favor of a 4-sementfit. Figure 3 shaws the
segmentatiomassociatedvith thisresult.

The cloud maskimageis showvn in Figure4. Our results,seeking
to determinecloud pixels, may alsoincludeaerosolssnav or shadw
contaminationwhicharenotlikely to befoundascloudin theMODIS
clouddataproduct.

Table | comparesour result, shavn in Figure 3, with the ground
truth image. Taking sggments3 and4 ascloud resultedin land areas
beingincludedtoo. Thetop partof Tablel thereforeyields the good
resultof 86% recovery of cloud pixels, but at the high costof nearly
28%falsealarms.By taking a morerestrictive definition of cloud, in
the lower part of Tablel, we find that the falsealarm rate dropsto
nearly1%. But herethe costis high in thatrecovery rateis now less
thanhalf.

As stated,segmentationwas carried out in 9-dimensionalspace.
Such seggmentationis quite unstable,for the following reasons: (i)
curse of dimensionality: the numberof pixelsin a segmentmay be-
comerelatively small,andthereforeallow singularitieso comeabout;
(i) determinism as opposed to stochasticity: whetherin areasrelated
to land, cloud or sea,pixel vectorsin a sggmentmay have very tight
variance,againleadingto singularity; and (iii) correlated bands: the
input datais quite highly correlatedacrossbands,to begin with, and
thisis likely to beaccentuatedithin clusters.Singularitymanifestst-
selfin problemsin generatingsaussiamprobabilities dueto the useof
theinverseof the determinant.Theseproblemsareknown, of course:
seg[25].

We thereforesoughta more stablesegmentationprocedure based
on the samesggmentationrmodel,andusingasinput a moredirectly
interpretabledataset. For this, we useda numberof principal com-



Fig. 3.
multibandimage.Motivating choiceof numberof sggmentds therelatve max-
imum valuein theplot of Fig. 2.

ponentbands,leadingto the sameproblemas before, andfinally a
single principal componentand. An additionaljustification for us-
ing a principal componentsanalysiscan be added: quality of results
will always dependon quality of input data, and the denoisingand
variance-maximizingropertiesof this preprocessingre of potential
value.

C. BICpz, on Multiband MODIS Eigen-Image

Cumulatve percentageariancesxplainedwerefoundfor thefirst
threecomponentdo be: 71, 87, 95.7. The eigen-bandor principal
componenbandthusaccountdor 71%of thevariationin this 9-band
dataset. Resultsof sggmentationanalysison principal componentl
will now bediscussed.

Figure5 shavstheBIC p, valuesfoundfor theprincipalcomponent
image. A 3-sgmentmodelis favoredasthe first relative maximum.
Figure6 shavs the segmentatiomassociateavith this result. We will
examinethe highestvaluedsegmentonly. Thisis showvn in Figure7.
Resultsfoundwereasfollows: cloudpixelsrecorered,asa percentage
of groundtruth: 95.91%;cloud pixels lost, asa percentag®f ground
truth: 4.09%;andfalsealarms,asapercentagef theresult: 25.88%.

Fromthe BICp, valuesin Figuresb, after the 3-segmentsolution
thenext bestsolutionis a 9-s@gmentone. Considerthe casewherewe
rule the 3-s@gmentsolutionout of orderon thegroundsof physicalin-
terpretationpecausé confusesloudcoverwith landmass.In sucha

MODIS segmentedimagewith 4 segments. Input: 9-dimensional .'F

Fig.4. MODIS cloudmask.

situation,we mayrequirealargernumberof sggments.The9-sgment
solutionis shavn in Figure8, andin this 9-segmentresultwe have a
meanf separatindandfrom cloud.

In Figure8, we have includedland areaswith cloud cover. It is not
difficult to remaove landareasexplicitly, throughaland map.However
in the caseof ourimagesaneasyway to avoid land areaswvassimply
to take thefirst 1000pixelsin the horizontaldimension,out of a total
of 1354. Repeatinghe comparisoron the non-landregion gave con-
siderablybetterresults,ascanbeseenin Tablell. While theaccuray
of detectionremainedat a high level, the percentagef falsealarms,
i.e.pixelsfoundby usto becloudpixelswhenthey werenotsodefined
in thegroundtruth cloud map,fell drastically Obtaininga goodcloud
maskover seais importantin its own right, for examplein orderto get
agoodSeaSurfaceTemperaturg@roduct.

Theanalysison thefirst principalcomponentmagescoresover the
analysisin the 9-dimensionaimultiband spacesn the following re-
spects:resultsshavn in Tablell arebetterthanthosein Tablel; the
algorithmis stableandrobust;andthesinglebandinputimage defined
in termsof its informationcontent(percentagearianceexplained)is
moreeasilyinterpreted.

V. CONCLUSIONS

This article developsa cloud maskusing statisticalpatternrecog-
nition basedon spatialclustering. The MODIS cloud maskproduct
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Fig. 5.
principalcomponentmage.

TABLE Il
RESULTS OF COMPARING THE SPATIAL CLUSTERING RESULTS OF FIGURE
8 WITH THE GROUND TRUTH IMAGE OF FIGURE 4.

Entireimage,segments7,8,9takenascloud  Spatial
Cloudpixelsrecovered(% of groundtruth)  99.73%
Cloud pixelslost (% of groundtruth) 0.27%
Falsealarms(as% of result) 35.75%
Seaareaonly, sggments7,8,9takenascloud  Spatial
Cloudpixelsrecorered(% of groundtruth)  99.68%
Cloudpixelslost (% of groundtruth) 0.32%
Falsealarms(as% of result) 13.50%
Entireimage,segment8,9takenascloud Spatial
Cloudpixelsrecovered(% of groundtruth)  74.64%
Cloudpixelslost (% of groundtruth) 25.36%
Falsealarms(as% of result) 18.95%
Seaareaonly, sggments8,9takenascloud Spatial
Cloudpixelsrecorered(% of groundtruth)  69.14%
Cloud pixelslost (% of groundtruth) 38.86%
Falsealarms(as% of result) 1.36%

MODO035.L2 was usedfor assessmentlt is importantto take into
accountthat validation of satellite productsis a very difficult issue.
Thereforethe groundtruth cloud maskshave someerrors although
they aregoodenoughto make comparisonsvith.

Theprocedurdollowedin this articleis quitegeneral.In ourinitial
work we usedAVHRR (AdvancedVery High ResolutionRadiometer)
data. This sensoris carriedon NOAA's Polar Orbiting Environmen-
tal Satellites(POES).SensorAVHRR/2 wasused,whichis a1100m
resolutionfive channelinstrumenton boardNOAA 14 (launchedDe-
cember1994). We usedbandsl, 2, 4 and5. Band 3 wasnot used
becausaet is affectedby sunglint andthereforeis mainly useful for
nightimages.We usedthe first principal componentf theseimages.
Theprocedurave followed,andtheresultsobtainedyerevery similar
to thosediscussedor MODIS datain this article.

A numberof cloud detectionalgorithmsarein use,but all either
needsetthresholdor training setsfor cloud detectionandoperaten
localizedgeographiareasonly [6]. Theclusteringtechniquewith the
objective Bayesfactormodelselectionapproachntroducedn this ar
ticle is usefulfor fast,robustandapproximateclouddetectionprior to

Fig.6. MODIS segmentatiorwith 3 sggments.Cf. first relative peakin Fig. 5.

useof, or asa cross-checlon, dataproductmasks. While the results
of Tablesl (basedon 9-banddata)and Tablell (basedon principal
componentata)arenot dissimilar thelatterapproachasbeenfound
to give betterquality results,andit providesfor a muchmore stable
analysismethod.Given how knowledgeof land areasyieldeda better
result(in sectionlV), it is clearthatonefuture directionof investiga-
tion will betree-basednethodq17], basedon Bayesfactors[14].

It isamootpointasto how unsupervisedur approachs, giventhat
particularimage bandswere selected followed on occassiorby our
overruling of the Bayesfactoroutcomein favor of the next mostpar
simoniousresult. It is truethatsomesupervisiorhasbeenusedjust as
we have overruledthe Occamrazorparsimoly principle. However we
have alsodemonstratedjuite clearly that theseprinciplescaninform
the algorithmsusedfor approximateor confimatorycloud maskfind-
ing. Eventhe mostunsuperviseaf classificationor otheralgorithms
requirescarefulchoiceof inputdataandalgorithmparameters.
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