Texture Segmentation in Mammograms
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Abstract. We have investigateda combinationof statisticalmodelling and expectationmaximisationfor a
texture basedapproachto the segmentationof mammographidmages. Texture modelling is basedon the
implicit incorporationof spatialinformationthroughtheintroductionof a set-permutation-occurrenoeatrix.
Statisticalmodelling is usedfor dimensionalityreduction,datageneralisatiorand noiseremoval purposes.
Expectatiormaximisatiormodellingof the resultingfeaturevectorprovidesthe basisfor imagesegmentation.
Thedevelopedsggmentatiorresultsareusedfor automatianammographicisk assessment.

1 Introduction

Textureis oneof the leastunderstoodareasin computervision andthis lack of understandings reflectedin the
ad-hocapproachesaken to datefor texture basedsegmentationtechniques.Although no generictexture model
hasemepgedsofar a numberof problemspecificapproachebave beendevelopedsuccessfully1]. Althoughthe
describedhpproachs developedwith oneparticularapplicationin mind, we do believe thatit is genericwithin the
field of medicalimageunderstanding.

Since Wolfe’s [2, 3] original investigationinto the correlationbetweenmammaographiaisk and the perceved
breastdensitya numberof automaticapproachesave beendeveloped[4-6]. Examplemammogramsireshavn

in Fig. 1. Someof thesemethodsare basedon grey-level distributions whilst othersincorporatesomeaspect
of spatialcorrelationor texture measure.While all thesemethodsachieze somecorrelationwith manualvisual

assessmeirinh generathey arenotasgoodasexpertintra-obsereragreementTheaccurateandrobustestimation
of mammographiaensitycan be usedfor risk modellingand possiblyto determinescreeningntervals within

breastscreeningprogrammes.

(b)

Figure 1. Fatty (a) anddensgb) mammographiimages.

It is our thesisthat the relative size of sgmentedmageregions, representinglistinctanatomicatissueclasses,
is correlatedvith mammographicisk assessmenStatisticalmodellingin combinationwith expectatiormaximi-
sation(EM) [7] is usedfor the sggmentationof mammographiémages. To our knowledge,we introducea new
conceptthe set-permutation-occurrenoeatrix, asa texturefeaturevector Realistictexture modellingis possible
asspatialinformationis implicitly incorporatedTo achieve sggmentatiora numberof stepsarerequired:a)infor-
mationgatheringwhich transformshe original datain a multi-scalerepresentation) texture featureextraction
whichusegheset-permutation-occurrenogatrix concepto generate featurevectorata pixel level; c) statistical
modellingto provide a more compactandgeneralisedepresentationf the data;d) EM clusteringto divide the
datain anoptimalsetof classesande)imagesegmentatiorwhich usesheclassegor eachpixel. Therelative size
of thesggmentedmageregionsis used,n combinatiorwith a nearest-neighbouwlassifier to estimatethe density
for eachmammogram.
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2 Methods

In generalthe usageof the EM approacH7] for imagesegmentationis basedon the grey-level information at
a pixel level with no direct interactionbetweenadjacentpixels. However, it is well known that texture based
segmentationshouldincorporatespatialcorrelationinformation. This meansthat our modelling shouldnot be
basedn asinglegrey-level valuebut incorporatespatialinformationimplicitly.

Thefirst stepin obtainingthetexturefeatureds the generatiorof animage-stackvhichis a scale-spaceepresen-
tation. At the smallestscalethe original grey-level valuesare usedandto obtainthe larger scaleimageswe have
usedarecursve mediarfilter [8], denoted, andacircularstructuringelement,R (the diameterof the structuring
elementncreasesvith scales). Theresultingimage-stacks a setof images

U {1} = U {I®R,}, 1)

ocel oel

wherel is anorderedsetof scales.This effectively represents blurring of the original dataandat a particular
level in theimage-staclonly featuredargerthano canbefound. An alternatve representationf theimage-stack
is givenby

U {70} = U {I® R 1 —1I® Ro}; (2)

oel oel

whereTl is a setof scales. This representshe differencesbetweentwo scalesin I, andhencethe datain the
image-stachat a particularlevel will only containfeaturesata particularscales. It shouldbe madeclearthatthe
representatiogivenby Eq. 2 doesnotresultin agradientimage.

To capturethe texture informationover a setof scalesa featurevectorwill needto be extractedfrom theimage-
stack. Smallsizeaspectglik e noiseandsmall objects)arerepresentedt the top (leastamountof smoothing)of
theimage-stackOntheotherhand largesizeaspectglargeandbackgroundbjects)arerepresentedtthebottom
(aftersmoothingat theappropriatescale)of theimage-stack.

The developedmethodusesa modelthat canbe seenasa generalisatiorof normal co-occurrencenatrices[9].

Indeed,if we justlook atthe co-occurrencef grey-level valuestheinformationcanbe capturedn matrix format,
wheretherows andcolumnsrepresenthe grey-level valuesat two samplepoints. This processanincludea set
of pointsS,,. An exampleof thepointsusedis shovn in Fig. 2. In theexperimentsiescribedelor we have used

Sey = J{(@,y +2), (@ +e,9)} ©)

e€ED

whereD = {-32,-16,—-8,—-4,-2,0, 2,4, 8,16, 32}. In the casedescribecherewe generate¢he co-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 shouldbe notedthatthe sameapproachs usedin a round-robinway or
in otherwordsthe pointsarefully connected Whenusing{I, } (a similar notationcanbe obtainedwhenusing
{I,}), thisrepresentationf thetextureinformationin theform of amatrixis givenby

V (z,y) = [ ’gj]z',jeNg )

and

"p;'f,j = #{(papl) € Szy X Sy | Ta(p) =1, Ta'(pl) = .7} (5)



where# denoteghe numberof elementdn asetand N, denoteghe setof grey-level values.It shouldbe noted
that this approachprovidesa differentdescriptionthanthat would be provided by usinga setof co-occurrence
matrices.

Figure 2. SamplepointsS,,,. Figure 3. Samplepointsconnectvity.

Insteadof usingthe co-occurrenc®f the grey-level valuesit is possibleto usethe occurrenceof the grey-level
difference.Again, this is usingthe samesetof samplepoints S, (seeFigs 2 and3) at eachscale(i.e. level in
theimage-stack)As we areusingthe occurrencef the grey-level differencevaluesour grey-level co-occurrence
matrix reducedo avector Effectively thisis analignmentof thecolumnsof the co-occurrencenatrix with respect
to thediagonal(i.e. wherethe differencein grey-level valuesis equalto zero)anda subsequersummatiorover
therows. Whenusingthe differenceimage-stackepresentatiofseeEq. 2) the featurevectorat a singlescaleis
givenby

& (2,9) = (670, ©)

whereN, is thesetof grey-levels,o agivenscaledy, is thesetof grey-level differencesand

07 = #{(0:7') € Suy X Say | Lo(p) — I, (p') = i} (@)

where,again,# denoteghe numberof elementsn aset.

Thetexturefeaturedescribedboveis extractedat a pixel level andcombiningthetexturefeaturesoverall possible
scalesresultsin a featurevector We have usedprincipal componentnalysis[10] to provide a more compact
representatioof thefeaturevector

3 Resaults

The EM approacli7] is usedto determinea setof classedrom the featurevectorswhich canbe usedto segment
theimages Althoughof interest,t is computationallympracticalto basehe EM modellingontheoriginaltexture

featurevectorasthis hasalargenumberof elementga high dimensionality)andtendsto be sparseAll theresults
presentedn this sectionarebasedon a PCA reducedeaturevectorwherewe typically capture95% of the data
variation (the dimensionalityof the datawas approximatelyreducedby a factorof ten). The EM andstatistical
modellingprocesgake only thebreastareainto accountwhilst excludingthe pectoraimuscleandthebackground.
For the EM approachihe numberof classesvassetequalto six [11].

To testour thesisthatthe relative sizeof the segmentedegionsis linkedto mammographicisk a small subsebf
the MammographidmagesAnalysis Society(MIAS) databasavasused[12,13]. All theimageswereassessed
by mammographiexpertswho provided an estimateof the proportion of densetissuein eachmammogram.
The segmentatiorresults basedon EM andstatisticalmodellingusing{, } or {I, }, canalsobe usedto obtain
the relative size of the segmentedregionsfor eachclass. This featureis usedasour classificationspace. The
correlationbetweertherelative region sizedistribution andthe estimatedroportionof denseissue whenusinga



nearestheighbourclassifieron a leave-one-oubasisfor {1, }, canbefoundin Tablel. This shavs anagreement
for 86% of themammograméthis decrease® 66%whenusing{I, }. Thiscomparesvell with aninter-obserer
agreemenbf 45%. Theintra-obserer agreemenbn the useddataseis 89%. In addition,whenusingthe same
datasetandclassificatiorapproachresultsbasedn the approachedevelopedby Byng [5] andKarssemeijef4]
shav anagreemenof 67%and81%,respectiely.

ExpertClassification
0-10% | 11-25% | 26-50% | 51-75%
oS 0-10% 6 0 0 0
g8 [ 11-25% 0 5 2 0
o2 [726-50% 2 1 8 0
<5 [B5175% | 0 0 0 12
Table 1. Comparisorof thedensityestimateasgivenby anexpertradiologistandautomaticsggmentation Based

on{l,}.
4 Conclusions

We have showvn thatacombinatiorof EM andstatisticaimodellingresultsin arobustapproacho the sggmentation
of mammographiémages. We have introduceda texture featurevectorbasedon a set-permutation-occurrence
matrixwhich capturedothspatialandlocal grey-levelinformation. Theuseof thistypeof matrixwill needfurther
developmento exploreits limitationsandfull potential.lt shouldbe notedthatsomefundamentatjuestionssuch
asthe influenceof the size and shapeof the distribution of samplepoints S,,, needfurther investigation. In
addition,thedevelopedtexture segmentatiorapproactwill befully evaluatedon syntheticandnaturaltextures.

We have shown that the sggmentationresultscan be usedto provide valuableinformationin the estimationof
mammographialensityand thereforpossiblyfor mammographigisk assessmentThe developedapproachis
comparabldo expertintra-obserer variation,shavs considerablémprovementon the inter-obsener agreement
andcomparegavourablewith existing techniques.
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