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Abstract. We have investigateda combinationof statisticalmodellingandexpectationmaximisationfor a
texture basedapproachto the segmentationof mammographicimages. Texture modelling is basedon the
implicit incorporationof spatialinformationthroughthe introductionof a set-permutation-occurrencematrix.
Statisticalmodelling is usedfor dimensionalityreduction,datageneralisationand noiseremoval purposes.
Expectationmaximisationmodellingof theresultingfeaturevectorprovidesthebasisfor imagesegmentation.
Thedevelopedsegmentationresultsareusedfor automaticmammographicrisk assessment.

1 Introduction

Texture is oneof the leastunderstoodareasin computervision andthis lack of understandingis reflectedin the
ad-hocapproachestaken to datefor texture basedsegmentationtechniques.Althoughno generictexture model
hasemergedsofar a numberof problemspecificapproacheshave beendevelopedsuccessfully[1]. Althoughthe
describedapproachis developedwith oneparticularapplicationin mind,wedobelievethatit is genericwithin the
field of medicalimageunderstanding.

SinceWolfe’s [2, 3] original investigationinto the correlationbetweenmammographicrisk and the perceived
breastdensitya numberof automaticapproacheshave beendeveloped[4–6]. Examplemammogramsareshown
in Fig. 1. Someof thesemethodsare basedon grey-level distributions whilst othersincorporatesomeaspect
of spatialcorrelationor texture measure.While all thesemethodsachieve somecorrelationwith manualvisual
assessmentin generalthey arenotasgoodasexpertintra-observeragreement.Theaccurateandrobustestimation
of mammographicdensitycanbe usedfor risk modellingandpossiblyto determinescreeningintervals within
breastscreeningprogrammes.

(a) (b)
Figure 1. Fatty (a)anddense(b) mammographicimages.

It is our thesisthat the relative sizeof segmentedimageregions,representingdistinct anatomicaltissueclasses,
is correlatedwith mammographicrisk assessment.Statisticalmodellingin combinationwith expectationmaximi-
sation(EM) [7] is usedfor thesegmentationof mammographicimages.To our knowledge,we introducea new
concept,theset-permutation-occurrencematrix,asa texturefeaturevector. Realistictexturemodellingis possible
asspatialinformationis implicitly incorporated.To achievesegmentationanumberof stepsarerequired:a) infor-
mationgatheringwhich transformstheoriginal datain a multi-scalerepresentation;b) texture featureextraction
whichusestheset-permutation-occurrencematrixconceptto generateafeaturevectoratapixel level; c) statistical
modellingto provide a morecompactandgeneralisedrepresentationof thedata;d) EM clusteringto divide the
datain anoptimalsetof classes;ande) imagesegmentationwhichusestheclassesfor eachpixel. Therelativesize
of thesegmentedimageregionsis used,in combinationwith anearest-neighbourclassifier, to estimatethedensity
for eachmammogram.�
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2 Methods

In generalthe usageof the EM approach[7] for imagesegmentationis basedon the grey-level informationat
a pixel level with no direct interactionbetweenadjacentpixels. However, it is well known that texture based
segmentationshouldincorporatespatialcorrelationinformation. This meansthat our modellingshouldnot be
basedonasinglegrey-level valuebut incorporatesspatialinformationimplicitly.

Thefirst stepin obtainingthetexturefeaturesis thegenerationof animage-stackwhich is a scale-spacerepresen-
tation. At thesmallestscaletheoriginal grey-level valuesareusedandto obtainthe largerscaleimageswe have
usedarecursivemedianfilter [8], denoted

�
, andacircularstructuringelement,� (thediameterof thestructuring

elementincreaseswith scale� ). Theresultingimage-stackis a setof images
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where � is anorderedsetof scales.This effectively representsa blurring of theoriginal dataandat a particular
level in theimage-stackonly featureslargerthan � canbefound.An alternativerepresentationof theimage-stack
is givenby
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where � is a setof scales.This representsthe differencesbetweentwo scalesin  � andhencethe datain the
image-stackat a particularlevel will only containfeaturesat a particularscale� . It shouldbemadeclearthatthe
representationgivenby Eq.2 doesnot resultin a gradientimage.

To capturethetexture informationover a setof scalesa featurevectorwill needto beextractedfrom the image-
stack.Smallsizeaspects(like noiseandsmallobjects)arerepresentedat thetop (leastamountof smoothing)of
theimage-stack.Ontheotherhand,largesizeaspects(largeandbackgroundobjects)arerepresentedatthebottom
(aftersmoothingat theappropriatescale)of theimage-stack.

The developedmethodusesa modelthat canbe seenasa generalisationof normalco-occurrencematrices[9].
Indeed,if we just look at theco-occurrenceof grey-level valuestheinformationcanbecapturedin matrix format,
wheretherows andcolumnsrepresentthegrey-level valuesat two samplepoints. This processcanincludea set
of points ����� . An exampleof thepointsusedis shown in Fig. 2. In theexperimentsdescribedbelow wehaveused
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where 4 � � �65�7��3�98�:;�3�6<;�3�>=;���$7��@?��@7��*=��@<��38�:��A5�7�� . In thecasedescribedherewe generatetheco-occurrence
betweenall the pointsin the setof samplepoints; i.e. a permutationof all pointsin the set. This is illustrated
in Fig. 3 for oneparticularpoint, but it shouldbenotedthat thesameapproachis usedin a round-robinway or
in otherwordsthepointsarefully connected.Whenusing �  � � (a similar notationcanbeobtainedwhenusing

�� ��� ), this representationof thetextureinformationin theform of amatrix is givenby
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and
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where Q denotesthenumberof elementsin a setand bXc denotesthesetof grey-level values.It shouldbenoted
that this approachprovidesa differentdescriptionthanthat would be provided by usinga setof co-occurrence
matrices.

Figure 2. Samplepoints �V��� . Figure 3. Samplepointsconnectivity.

Insteadof usingthe co-occurrenceof the grey-level valuesit is possibleto usethe occurrenceof the grey-level
difference.Again, this is usingthesamesetof samplepoints �V��� (seeFigs2 and3) at eachscale(i.e. level in
theimage-stack).As we areusingtheoccurrenceof thegrey-level differencevaluesour grey-level co-occurrence
matrixreducesto avector. Effectively this is analignmentof thecolumnsof theco-occurrencematrixwith respect
to thediagonal(i.e. wherethedifferencein grey-level valuesis equalto zero)anda subsequentsummationover
therows. Whenusingthedifferenceimage-stackrepresentation(seeEq. 2) the featurevectorat a singlescaleis
givenby

d � %C' �*)�/\�eEgf �I L I �"hji O (6)

whereb,c is thesetof grey-levels, � a givenscale,k N O is thesetof grey-level differencesand
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where,again,Q denotesthenumberof elementsin a set.

Thetexturefeaturedescribedaboveis extractedatapixel level andcombiningthetexturefeaturesoverall possible
scalesresultsin a featurevector. We have usedprincipal componentanalysis[10] to provide a morecompact
representationof thefeaturevector.

3 Results

TheEM approach[7] is usedto determinea setof classesfrom thefeaturevectorswhich canbeusedto segment
theimages.Althoughof interest,it is computationallyimpracticalto basetheEM modellingontheoriginaltexture
featurevectorasthishasa largenumberof elements(ahighdimensionality)andtendsto besparse.All theresults
presentedin this sectionarebasedon a PCA reducedfeaturevectorwherewe typically capture95%of thedata
variation(the dimensionalityof thedatawasapproximatelyreducedby a factorof ten). The EM andstatistical
modellingprocesstakeonly thebreastareainto accountwhilst excludingthepectoralmuscleandthebackground.
For theEM approachthenumberof classeswassetequalto six [11].

To testour thesisthattherelative sizeof thesegmentedregionsis linkedto mammographicrisk a smallsubsetof
theMammographicImagesAnalysisSociety(MIAS) databasewasused[12,13]. All the imageswereassessed
by mammographicexpertswho provided an estimateof the proportionof densetissuein eachmammogram.
Thesegmentationresults,basedon EM andstatisticalmodellingusing �� � � or �  � � , canalsobeusedto obtain
the relative sizeof the segmentedregionsfor eachclass. This featureis usedasour classificationspace.The
correlationbetweentherelativeregionsizedistributionandtheestimatedproportionof densetissue,whenusinga



nearestneighbourclassifieron a leave-one-outbasisfor �  � � , canbefoundin Table1. This shows anagreement
for 86%of themammograms(thisdecreasesto 66%whenusing �n � � . Thiscompareswell with aninter-observer
agreementof 45%. The intra-observer agreementon theuseddatasetis 89%. In addition,whenusingthesame
datasetandclassificationapproach,resultsbasedon theapproachesdevelopedby Byng [5] andKarssemeijer[4]
show anagreementof 67%and81%,respectively.

ExpertClassification
0-10% 11-25% 26-50% 51-75%
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n 0-10% 6 0 0 0

11-25% 0 5 2 0
26-50% 2 1 8 0
51-75% 0 0 0 12

Table 1. Comparisonof thedensityestimateasgivenby anexpertradiologistandautomaticsegmentation.Based
on �  � � .
4 Conclusions

Wehaveshown thatacombinationof EM andstatisticalmodellingresultsin arobustapproachto thesegmentation
of mammographicimages. We have introduceda texture featurevectorbasedon a set-permutation-occurrence
matrixwhichcapturesbothspatialandlocalgrey-level information.Theuseof thistypeof matrixwill needfurther
developmentto exploreits limitationsandfull potential.It shouldbenotedthatsomefundamentalquestions,such
as the influenceof the size and shapeof the distribution of samplepoints �V��� , needfurther investigation. In
addition,thedevelopedtexturesegmentationapproachwill befully evaluatedonsyntheticandnaturaltextures.

We have shown that the segmentationresultscanbe usedto provide valuableinformation in the estimationof
mammographicdensityand thereforpossiblyfor mammographicrisk assessment.The developedapproachis
comparableto expert intra-observer variation,shows considerableimprovementon the inter-observer agreement
andcomparesfavourablewith existing techniques.
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