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DecisionBoundariesUsingBayesFactors:The
Caseof CloudMasks

F. Murtagh,D. Barreto(IEEEMember),J.Marcello

Abstract— We assessthe useof an approximation to the Bayes
factor for objectively assessingspatial segmentationmodels. The
Bayes factor allows us to automatically determine thr esholds,in
multidimensional feature space,for suchobjectivesascloud mask
definition. We compare our results with a cloud map curr ently
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

I . INTRODUCTION

Theproblemof classificationandrelateddecision-makingis essen-
tially theproblemof definingmultiple thresholds.Theoptimaldefini-
tion or selectionof suchdecisionboundariesis a difficult problemfor
a numberof reasons:we areusuallyconcernedwith irregularregions
in decisionspace;thedistribution of signaland/ornoisein our datais
not amenableto a priori fixedsettingof thresholds;andclassification
or decision-makingis usuallymultivariate.

A Bayesian assessmentframework provides an objective and
generally-applicableapproachto classificationand relateddecision-
making. In this article,we applya Bayesfactorapproachto theclas-
sification of pixels as being cloud or non-cloud. The Bayesfactor,
developedby Jeffreys in the 1930s[11], is the posterioroddsof one
modelover anotherwhentheprior probabilitiesof thetwo modelsare
equal. Approximationsto the Bayesfactorareusedin practice: we
usethe pseudo-likelihood informationcriterion, BIC ��� , in this arti-
cle, which is theBayesinformationcriterion in thepseudo-likelihood
case.

The contribution of this work lies in the experimentaltestingof
BIC ��� asan objective criterion for definingmultidimensionaldeci-
sion boundaries.As will be discussedbelow, cloud maskdataprod-
uctsaretypically determinedfrom selectedspectralbands,engineer-
ing data,andwhat amountsto a traineddecisiontreeclassifier. Our
approachis unsupervised,fast,objective, andcan be appliedto any
imagedata.

I I . SPATIAL CLUSTERING

A. Model and Algorithm
Following the traditionalapproach[24], [19], [17] to determining

thesegmentlabelmap,
�

, we usea maximuma posteriori,or MAP,
estimateasfollows:����

argmax�	��
 �
��� ������� ��
�� ����������� �� �
(1)

for segmentor class
�
, observed multibandvector � , andmodelpa-

rametersrelatedto thesegmentmap
�!�

andto theobserveddataand
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segmentmap,
� ��

. To simplify notation, for the presentwe do not
write thepixel index " for eachoccurrenceof thelabelmap

�
andthe

observed data � . Thefirst term,aswill beseenbelow, is definedby
a Pottsenergy function. The secondterm is taken in this work asa
multivariateGaussian,sothatparameters

� ��
aresegmentmeans,vari-

ancesandcovariances.In equation(1), theprior is ��
 �
� � � �
andthe

likelihoodof region
�

is modeledby ��
�� �!��������� �� �
.

The parameterset, #�$ �&%!� � ��� �� �'�(�*) �,+-�/.0.1.�243
is to be

estimated,andwe usemaximumlikelihoodfor this. Thereareother,
relatedapproaches(e.g.usingMAP insteadof ML: a lucid discussion
canbefoundin [1]).

What we have describedis tractableandhasa considerabletradi-
tion. If 5 is someinformationcriterion,thenmodelselectionis arrived
at by optimizing the additionalterm, argmax$ 5�
6#�$ �

. This leadsto
a fully unsupervisedalgorithmwhereinall parameters,includingnow2

, the numberof segments,areestimated.In practicethis requires
resultsfor variousvaluesof

2
. Model selectionwill bediscussedin

sectionB below.
We now return to the questionof choiceof prior. We will usea

Markov randomfield, or MRF, prior [4], [24], [19], to expressspatial
interrelationship.This is an interactionmodelon a lattice structure.
Theprocessis Markov with respectto a neighborhoodstructure.The
Pottsprior is givenby

��
 �87 �	9;:0<�=?>@�ACBD�E1F'G�H 
 �I7J�K� D �MLN
where H is a Dirac delta function with 1 if labels

�87O�P� D , and 0
otherwise;Q 7

is theneighborhoodof " definedasthe8 pixel nearest
neighbors;and

A
is aspatialcohesionvalue,takenasconstantover the

imagepixels.This leadsto thefollowing conditionaldistribution:�R
 �I7��S�T� Q 7J� AU� � :0<�= 
 A�V 
WQ 7J�,� �K��X B D exp 
 A�V 
WQ 7J�6Y �K�
wheretheenergy term

V 
WQ 7 ��� �
is thenumberof pixels in Q 7

which
have label

�
.

Wedefinethepseudo-likelihood[4], [24] as

PL
� �,� ��
 �I7R�S�Z� Q 7J� AU�

(2)

i.e.,PL is theproductof conditionaldistributionson theMRF, givena
currentrealizationof thelabeling.Weusetheconditionaldistribution,�R
 � 7 �[�\� Q 7 � AU�

, astheterm ��
 �&�]� � �
in equation(1), which we

estimateusingmaximumpseudo-likelihood.
The algorithmwe useis Besag’s [4] Iterative ConditionalModes,

ICM. Thealgorithmis asfollows. We usea marginal segmentationto
find a first estimate,

��
. Thenwe updatethe estimateof parameters�� ��

by maximizingthelikelihoodin equation(1), giventhecurrent
��
.

Next we estimate
A

usingmaximumPL, equation(2), againusing
��

asgiven.Finally,
�� ��

and
�A

have now beenupdated,andwe update
��

usingtheoverall a posteriorirelationderivedfrom equation(1):�� 7 �
argmax

� ��
�� 7 �!� 7 �S� � ��
 � 7 �S�Z� Q 7 � AU�
(3)

Thesuccessionof threemajorstagesin thealgorithmis iterateduntil
convergence.Convergenceis guaranteed,but to a localoptimum.
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B. Model Selection using BIC and BIC ^`_
Wedenotetheoverallmodel,whichwehavefit to ourdata,as a $ .ab$ is definedfrom thedistributionsandall parameters,#�$ , andthe

spatialinteractionmodel.
Wenow wishto investigateonesuchmodelversusanother, i.e. a $

versusa $dc for two choicesof numbersof classes,
2

and
2fe

. With
referenceto cloudclassification,weseekoptimal

2
in orderto provide

a bestestimateof cloudlabels,in someparticularsetof segments
�hg2

.
Theposteriorprobabilityof model ab$ , with pixel labeling

�
, is

��
6ab$ �!� � � �R
 �
� a $ � ��
6a $ �i $D�jlk ��
 �
� a D � ��
6a D � (4)

Takingeachmodelasequilikely implies that ��
6a $ �
andthe a D are

constant.
The Bayesfactor is the posteriorodds of one hypothesiswhen

the prior probabilities of the two hypothesesare equal: ��
 � �a $ �KX ��
 �m� a $dc � . The term �R
 �m� a $ �
is the integratedlikeli-

hoodratherthanthemaximizedlikelihood.
Theintegratedlikelihood,��
 �
� ab$ �

, is givenby

�R
 �
� ab$ � ��n ��
 �
� #�$ � ab$ � ��
6#�$ �Mo #�$ (5)

We have that ��
 �P� # $ � a $ �
is theusuallikelihood.Finally ��
6# $ �

is theprior, whichwe will assumeasequilikely for all ab$ .
A goodapproximationto theintegratedlikelihoodis givenin terms

of BIC, Bayesinformationcriterion[20], [12]:

BIC
��+lpWq r ��
 �
� �#�$ � ab$ ��s � #�$ � pWq r't

(6)

where
�# $ is themaximumlikelihoodestimatorof # $ , i.e. theresult

of theGaussianmixturefitting.
t

is thedimensionalityof theobser-
vationvectors,and

� # $ �
is thecardinalityof theparameterset.

Finally the Bayesfactoris approximatedby the differenceof BIC
terms,which in turnarethemaximizedlikelihoodresultsof modelfits
for differentnumbersof classes,

2
and

2fe
:+�pWq�r ��
 �
� ab$ ���
 �
� a $ c �vu BIC 
 2 ��s

BIC 
 2 e �
(7)

In operation,a plot of BIC for increasingnumbersof classes,
2

,
generallyshows increaseto an approximateplateau.We canusually
increasethemodelfit indefinitelyby increasing

2
. It is usualto con-

siderthefirst peakin this plot, or theeffective reachingof theplateau,
to provide theoptimalvalueof

2
. This is motivatedby theOckham’s

razorparsimony principle [10]. We canalsoderive theBIC termasa
minimuminformationmeasure[9], [16].

In theMRF spatialinteractionsituation,a combinatorialexplosion
comesaboutwith useof the likelihood. BIC involvesintegratingthe
likelihoodof the observed datagiven in equation(3). Thereare

2\w
possibleconfigurationsfor

t
pixels.

Thereforewe usethe more tractablepseudo-likelihood insteadof
the likelihood. Ratherthansummingover all possibleconfigurations
of

�
, we considerconfigurationscloseto theICM estimateof

�
,
��
.

We considereachpixel vector � 7 in turn andconditionon
�� F 7

, i.e.
theneighborhoodof

��I7
. Then,insteadof thelikelihood,$B� j�k ��
�� 7 �!� 7 �S� � ��
 � 7 �S� �

we usethepseudo-likelihood,$B� jlk ��
�� 7 �!� 7 ��� � ��
 � 7 �S�f� Q 7 � AU�

which is thesumof thesameexpressionusedin equation(3). As al-
readynoted,thefirst termof thisexpressionis amultivariateGaussian
distribution, and the secondterm is the conditionaldistribution used
with thePottsprior density.

Thepseudo-likelihoodof the image(the � 7 termsareindependent,
conditionalon theunderlyinghiddenstates)is then:� 7 ��
�� 7x��� F 7K� AU�

� � 7 $B� j�k ��
�� 7 �!� 7 ��� � �R
 � 7 ���Z� Q 7 � AU�
(8)

This is the likelihood integratedover the approximateposteriordis-
tribution of a setof modelsnearthe MAP estimateof

�
. Denoting

equation(8) asPL 
�� ��2 �
, BIC which addressesthe computational

implicationsof thespatialmodelbecomes[21], [22]:y 5�z �U� 
 2 � �(+�pWq�r
PL 
�� ��2 ��s � # $ � pWq�rdt

(9)

BIC �U� , spatially-friendlyBIC, is usedin thesamewayasBIC, i.e.we
vary

2���+-�,{��0.1.1.
andfind afirst relativemaximum.Wemayoverrule

thisprinciple(cf. experimentationbelow) if a lessparsimoniousresult
is more meaningful. In this situationthe parsimony principle is the
first relative maximumof BIC �U� above a smallestacceptablenumber
of segments:i.e. for

2
|C2O}
. Thecurvesproduceddonotusuallyin-

creaseto aplateauasin thecaseof BIC. Alternativespatial-respecting
approximationsof BIC arestudiedin [7].

The model selectionproceduredescribedprovides a principled
framework, which we show in thefollowing sectionsto bescalableto
realproblemsinvolving multiband(andpotentiallythemulti-temporal,
multisourcedata,with ancillaryGIS data,usedin [19]). The ICM it-
erative procedureusedis alsofast: otheroptimizationtechniquesare
farcostlierin computationalrequirements(amongwhicharethosedis-
cussedin [15], [8]). It remainsan openproblemto carry out a com-
prehensivecomparativeassessmentof trade-offs betweencomputation
timeandqualityof solution;or indeedthechoiceof priors[3].

I I I . CLOUD MASK ALGORITHMS

Cloudsaregenerallycharacterizedby higherreflectanceandlower
temperaturethantheunderlyingearthsurface.TheMODIS (Moderate
ResolutionImagingSpectroradiometer)instrumentprovideshigh ra-
diometricsensitivity in 36 spectralbandsrangingin wavelengthfrom
0.4 ~ m to 14.4 ~ m. TheMODIS Flight Instrumentused,ProtoFlight
Modelor PFM,is integratedontheTerra(EOSAM-1) spacecraftcom-
missionedaspartof NASA’s EarthObservingSystem.Terrasuccess-
fully launchedin December1999.

Of the 36 MODIS spectralchannelsavailable, 17 visible and in-
fraredradiancesareusedto developtheMODIS cloudmask[13]. The
approachis the sameasusedby NOAA, basedon the Saundersand
Kriebel algorithm [18] (seealso [5]). This schemeconsistsof five
testsappliedto eachindividualpixel to determineif thatpixel is cloud
free. Thepixel is only identifiedascloudif it passesevery testto cer-
tain conditions.Thebasicideaof this clouddetectionis sustainedin
thedifferentcontrastfor cloud/cloudfree pixels. MODIS has250 m
resolutionin two of thevisiblechannels,500m resolutionin five visi-
bleandnear-infraredchannels,and1000m resolutionin theremaining
channels.

IV. MODIS DATA ANALYSIS

A. Description of Data
Unlike in thecaseof a trainableclassifier(e.g.,multilayerpercep-

tron)theunsupervisedclassificationtechniquesusedhererequirecare-
ful choiceof input data.If this werenot so,themultivariateGaussian�R
�� �!� �

, for example,wouldtry tocaterequallyfor appropriatespec-
tral bandsandfor irrelevantspectralbands.Fromthe36-bandMODIS
radiancedatasetof theAtlantic regionwechosebands1, 2, 18,20,27,
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29, 31, 32 and35. Thesebandsgive informationaboutclouds(high
cloudsand� low clouds).Therestof thebandsusedby MODIS to pro-
ducetheir cloudmask,which arebands4, 5, 6, 7, 19, 22, 23 and26,
give informationaboutsnow, shadow contamination,aerosolandthin
cirrus. We did not includebands5, 6 and19 sincethey hadholesand
werethereforeincomplete;bands4, 6 and7, associatedwith snow and
aerosol,sincethey areusedto set thresholdsin the cloud algorithm,
andthresholdsarenot usedby us;bands5, 19,22and23,particularly
usefulfor shadow, andagainnotof benefitto us;andband26which is
a particularcirrusdetector, andadequatelycateredfor in otherbands.
All bandsdiscussedhereareshown in [2].

A first principalcomponentof theselectedbandsis shown in Figure
1. Eachbandwasof dimensions

+ ��{ �d��)1{����
andoriginalpixel values

were64bit doubleprecisionfloating.Thedataarefrom 2000Septem-
ber24at12:10UT. Thecloudmaskimageprovidedby MODIS prod-
uctMOD035 L2 is usedto assessourresults.TheMODIS cloudmask
productwasdesignedto meettheneedsof awidevarietyof users,and
thereforethereareseveralwaysto definea cloudmaskdependingon
the tolerancefor cloudor clear. In our casewe areonly interestedin
thebestestimateasto whetherthereis cloudor not.

Fig. 1. MODIS first principalcomponentimage.

B. BIC ^`_ on Multiband Data
For the MODIS data, we will use the MRF-basedclassification,

with BIC ��� astheparsimony modelfit criterion.
Figure2showstheBIC ��� valuesfoundfor asuccessionof numbers

of segments,basedon theprocessingof the9-banddataset.Thereis

NUMBER OF SEGMENTS

P
LI

C

2 4 6 8 10

-1
.6

*1
0^

7
-1

.4
*1

0^
7

-1
.2

*1
0^

7
-1

0^
7

-8
*1

0^
6

Fig. 2. BIC �U� valuesfor varying numberof segments,using the MODIS
9-dimensionalmultibandimage.

TABLE I
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%
Cloudpixelslost (% 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-segmentfit. Figure3 shows the
segmentationassociatedwith this result.

The cloudmaskimageis shown in Figure4. Our results,seeking
to determinecloudpixels,mayalsoincludeaerosols,snow or shadow
contamination,whicharenot likely to befoundascloudin theMODIS
clouddataproduct.

Table I comparesour result, shown in Figure 3, with the ground
truth image. Takingsegments3 and4 ascloudresultedin landareas
beingincludedtoo. The top partof TableI thereforeyields thegood
resultof 86% recovery of cloudpixels, but at thehigh costof nearly
28%falsealarms.By takinga morerestrictive definitionof cloud, in
the lower part of Table I, we find that the falsealarm rate dropsto
nearly1%. But herethecostis high in that recovery rateis now less
thanhalf.

As stated,segmentationwas carriedout in 9-dimensionalspace.
Suchsegmentationis quite unstable,for the following reasons:(i)
curse of dimensionality: the numberof pixels in a segmentmay be-
comerelatively small,andthereforeallow singularitiesto comeabout;
(ii) determinism as opposed to stochasticity: whetherin areasrelated
to land,cloud or sea,pixel vectorsin a segmentmay have very tight
variance,againleadingto singularity;and(iii) correlated bands: the
input datais quite highly correlatedacrossbands,to begin with, and
thisis likely to beaccentuatedwithin clusters.Singularitymanifestsit-
self in problemsin generatingGaussianprobabilities,dueto theuseof
theinverseof thedeterminant.Theseproblemsareknown, of course:
see[25].

We thereforesoughta morestablesegmentationprocedure,based
on the samesegmentationmodel,andusingasinput a moredirectly
interpretabledataset. For this, we useda numberof principal com-
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Fig. 3. MODIS segmentedimagewith 4 segments. Input: 9-dimensional
multibandimage.Motivatingchoiceof numberof segmentsis therelative max-
imum valuein theplot of Fig. 2.

ponentbands,leadingto the sameproblemas before,and finally a
singleprincipal componentband. An additionaljustification for us-
ing a principal componentsanalysiscanbe added:quality of results
will always dependon quality of input data,and the denoisingand
variance-maximizingpropertiesof this preprocessingareof potential
value.

C. BIC ^`_ on Multiband MODIS Eigen-Image

Cumulative percentagevariancesexplainedwerefoundfor thefirst
threecomponentsto be: 71, 87, 95.7. The eigen-bandor principal
componentbandthusaccountsfor 71%of thevariationin this 9-band
dataset. Resultsof segmentationanalysison principal component1
will now bediscussed.

Figure5 showstheBIC �U� valuesfoundfor theprincipalcomponent
image. A 3-segmentmodelis favoredasthe first relative maximum.
Figure6 shows thesegmentationassociatedwith this result. We will
examinethehighestvaluedsegmentonly. This is shown in Figure7.
Resultsfoundwereasfollows: cloudpixelsrecovered,asapercentage
of groundtruth: 95.91%;cloudpixels lost, asa percentageof ground
truth: 4.09%;andfalsealarms,asapercentageof theresult:25.88%.

From theBIC �U� valuesin Figures5, after the3-segmentsolution
thenext bestsolutionis a 9-segmentone.Considerthecasewherewe
rule the3-segmentsolutionoutof orderon thegroundsof physicalin-
terpretation,becauseit confusescloudcoverwith landmass.In sucha

Fig. 4. MODIS cloudmask.

situation,wemayrequirea largernumberof segments.The9-segment
solutionis shown in Figure8, andin this 9-segmentresultwe have a
meansof separatinglandfrom cloud.

In Figure8, we have includedlandareaswith cloudcover. It is not
difficult to remove landareasexplicitly, througha landmap.However
in thecaseof our images,aneasyway to avoid landareaswassimply
to take thefirst 1000pixels in thehorizontaldimension,out of a total
of 1354. Repeatingthecomparisonon thenon-landregion gave con-
siderablybetterresults,ascanbeseenin TableII. While theaccuracy
of detectionremainedat a high level, the percentageof falsealarms,
i.e.pixelsfoundby usto becloudpixelswhenthey werenotsodefined
in thegroundtruthcloudmap,fell drastically. Obtainingagoodcloud
maskoverseais importantin its own right, for examplein orderto get
a goodSeaSurfaceTemperatureproduct.

Theanalysison thefirst principalcomponentimagescoresover the
analysisin the 9-dimensionalmultibandspacesin the following re-
spects:resultsshown in TableII arebetterthanthosein TableI; the
algorithmis stableandrobust;andthesinglebandinputimage,defined
in termsof its informationcontent(percentagevarianceexplained)is
moreeasilyinterpreted.

V. CONCLUSIONS

This article developsa cloud maskusingstatisticalpatternrecog-
nition basedon spatialclustering. The MODIS cloud maskproduct
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Fig. 5. BIC �U� valuesfor varying numberof segments,using the MODIS
principalcomponentimage.

TABLE II
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%
Cloudpixelslost (% of groundtruth) 0.27%
Falsealarms(as% of result) 35.75%
Seaareaonly, segments7,8,9takenascloud Spatial
Cloudpixelsrecovered(% of groundtruth) 99.68%
Cloudpixelslost (% of groundtruth) 0.32%
Falsealarms(as% of result) 13.50%
Entireimage,segment8,9 takenascloud Spatial
Cloudpixelsrecovered(% of groundtruth) 74.64%
Cloudpixelslost (% of groundtruth) 25.36%
Falsealarms(as% of result) 18.95%
Seaareaonly, segments8,9takenascloud Spatial
Cloudpixelsrecovered(% of groundtruth) 69.14%
Cloudpixelslost (% of groundtruth) 38.86%
Falsealarms(as% of result) 1.36%

MOD035 L2 was usedfor assessment.It is important to take into
accountthat validation of satelliteproductsis a very difficult issue.
Thereforethe ground truth cloud maskshave someerrorsalthough
they aregoodenoughto make comparisonswith.

Theprocedurefollowedin thisarticleis quitegeneral.In our initial
work we usedAVHRR (AdvancedVeryHigh ResolutionRadiometer)
data. This sensoris carriedon NOAA’s PolarOrbiting Environmen-
tal Satellites(POES).SensorAVHRR/2 wasused,which is a 1100m
resolutionfive channelinstrumenton boardNOAA 14 (launchedDe-
cember1994). We usedbands1, 2, 4 and5. Band 3 wasnot used
becauseit is affectedby sunglint and thereforeis mainly useful for
night images.We usedthefirst principalcomponentof theseimages.
Theprocedurewefollowed,andtheresultsobtained,wereverysimilar
to thosediscussedfor MODIS datain this article.

A numberof cloud detectionalgorithmsare in use,but all either
needsetthresholdsor trainingsetsfor clouddetection,andoperatein
localizedgeographicareasonly [6]. Theclusteringtechniquewith the
objective Bayesfactormodelselectionapproachintroducedin this ar-
ticle is usefulfor fast,robustandapproximateclouddetection,prior to

Fig. 6. MODIS segmentationwith 3 segments.Cf. first relative peakin Fig. 5.

useof, or asa cross-checkon, dataproductmasks.While the results
of TablesI (basedon 9-banddata)andTable II (basedon principal
componentdata)arenotdissimilar, thelatterapproachhasbeenfound
to give betterquality results,andit providesfor a muchmorestable
analysismethod.Givenhow knowledgeof landareasyieldeda better
result(in sectionIV), it is clearthatonefuturedirectionof investiga-
tion will betree-basedmethods[17], basedonBayesfactors[14].

It is amootpointasto how unsupervisedourapproachis, giventhat
particularimagebandswereselected,followed on occassionby our
overrulingof theBayesfactoroutcomein favor of thenext mostpar-
simoniousresult.It is truethatsomesupervisionhasbeenusedjust as
wehave overruledtheOccamrazorparsimony principle.However we
have alsodemonstratedquite clearly that theseprinciplescaninform
thealgorithmsusedfor approximateor confimatorycloudmaskfind-
ing. Even themostunsupervisedof classificationor otheralgorithms
requirescarefulchoiceof inputdataandalgorithmparameters.
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