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Abstract. In this papemwe investigateanew approab to theclassificatiorof mammograhic imagesaccording
to breasttype. The classificationof breastdensityin this studyis motivatedby its useasprior knowledgein
theimageprocessingipeline. By utilising this knowledgeat differentstagesncluding enhancemat, segmen-
tation and featureextraction, its applicationaimsto increasethe sensitvity of detectingbreastcancer Our
implementeddiscriminationof breastdensityis basedon the underlyingtexture containedwithin the breast
tissueapparetnon a digital mammogranandrealisedby utilising four approaclesto quantifyingthe texture.
Following featureextraction,we adopta variation on boastrapaggreation (‘'bagging) to meetthe assump-
tionsof indepemlencen datarepresentationf theinputdataset,necessarfor classifiecombination Multiple
classifierscomprisingfeed-forward Artifi cial Neural Network (ANN) are subsequetly trainedwith the dif-
ferentperturbednput dataspacesising 10-fold cross-alidation. The setof classifieroutputs,expressedn a
probadbilistic framavork, aresubseqantly combinedusingsix differentclassifiercombinationrulesandthere-
sultscomparedn this studywe examinetwo differentclassificatiortasks;a four-classclassificatiorproblem
differentiatingbetweenfatty, partly fatty, denseand extremely densebreasttypesand a two-classproblems,
differentiatingbetweendenseand fatty breasttypes. The datasetusedin this studyis the Digital Database
of Screeningammayrams(DDSM) containingMedio-LateralOblique (MLO) views for eachbreastfor 377
patients. For both tasksthe bestcombinationstrateyy was found using the productrule giving an average
recogrition rateon testof 71.4%for thefour-classproblemand96.7%for thetwo-classproblem.

1 Intr oduction

A repot from theNationalCanceinstitute(NCI) estimateshatabou 1 in 8 womenin the United Stateqapprox-
imately12.6percem) will developbreasttanceduring theirlifetime [17]. Governmen sponsord mass-screeng
mammaraply progamshave beenpropsedasan effective methodof increasingsurviva time for womenwith
breastcancef1], but theapplicaion of Compuer Aided Detection(CAD) within screenig progamsis still to be
addressed.To this end,muchresearchastaken placefor the develgpmentof CAD technigesandsystems.For
a radiolagist interpreting a benignmamnogram thereexists an extrenely wide variationin the mammogaphic
appeaanceof the breast. Within the mamnogram,radiogaphicallyvisible densityincludes duds, lobular ele-
ments andfibrousconnectve tissue.Thefibrous conrective tissuecanbeof two types, intralobular or extralobular
tissue andthis lattertissuetypeis seemasthemajorcompamentof grossdensityvariatian in mammnograns. Breast
densityis animportantfactorin the interpreation of a mammaram. In a breastthatis consideraly densethe
sensitvity of mammogaphyfor the early detectiorof maligrang/ andlarge cancerss reducedecausef the dif-
ficulty in locatingill-defined cancerswithin anopagie uniform backgourd. The AmericanCollege of Radiology
(ACR) Breastimagirg ReportingandDataSystem(BIRADS), identifiesfour major groupsfor classifyingbreast
density(Kopans[7]): (1) precbminarly fat; (2) fat with somefibrogandulartissue;(3) hetergeneaisly dense.
(4) extremelydense Exanplesof thesebreastypesareshovnin Figurel.

Previous work hasfocusedon usingthe undelying textureto discriminde betweerbreast types. In their study
Miller andAstley [13] investigatedtexture-basedliscrimindion betweerfatty andglanduar breast types,exper

Figure 1. Mammogamswith differingmamnograghic breastdensitiega) precbminarily fat; (b) fat with some
fibrogandulartissue;(c) hetergeneosly dense.(d) extrenely derse.
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Figure 2. Expeimentalmethodoverview.

imentingwith grandometric techniqes and Laws texture masks. Taylor et. al. [16] similarly investigatedthe
classificatiorof fatty anddensebreast typesusinganautomateanethal of extractingthe Region Of Interest (ROI)
basedntexture.

In this studywe examine two differert classificationtasks;a four-classclassificationprodem differentiatingbe-
tweenbreastlensitiedollowing theBIRADS classificatiorandatwo-classprablem, differentiatingbetweerdense
andfatty breasttypes. In fulfilling theseclassificationobjectives we extract four groyps of texture featuesfrom
segmened digital mammagrams.To improve the perfamanceandrobustnesf the classifierave useclassifica-
tion combirationrulesproposedby Kittler etal. [6]. Theremairder of this paperis organisedasfollows; Section
2 describedhe expeimentalmethodusedincluding featue extradion, datadimensiomlity reduction classifier
training testingandcombnation; Section3 detailsthe experimentalresultsandfinally corclusionsfrom the study
arediscussedn Sectior4.

2 Experimental Method

We evaluated377 mammagramsfrom the Digital Databasef Screeing Mammogams(DDSM) [10]. Accom-
parying eachmammaramis a rating of its densityaccordng to the BIRADS systemdetermind by an expett
radiolagist. Of the 377 mammogamsour datasetis split asfollows; precominanly fatty (n=74); fat with some
fibrogandulartissue;(n=81) heterogneouslydense;(n=%) extremelydense(n=12%6). Theimagesvary in size
andarecorvertedto an8-bit grey scalelevel. A block diagamidentifying the majorcompnentsof the proposed
systemss given in figure 2.

2.1 Image Pre-processing

The original grey scaleimageis initially alignedon the y-axis suchthatthe imageis orientaed with the nipple
pointing right. It is thensub-samied by afactorof four to redu@ thecompuationalcompleity for thesubseqgant
breastextractian conponer.

2.2 BreastSegmentation

As our appoachaimsto utilise the whole breast for texture featue extractioan, a mechaism for sggmenting the
breasfrom its backgourd is requred. Previous studiesn breat/backgrandsegmernation[8, 12] have difficulties
dueto theinherentnoisewithin digitisedmammarams.We adoptthetechniqe proposedby Chandraekharand
Attikiouzel [4] with anadditinal stepto trim the profiles,remaoving the top 20% andbottom 10% of theimages
to facilitatetheremoval of poorsegmentatio thatmightstill include noise.

2.3 Feature Extraction

Previous appioachedo classifyingbreattypehave exanmnedtheundelying texturewithin thebreastIn this study
we employ four approachedor deternining texture; 1) By construting SpatialGrey Level Dependacy (SGLD)
matrices[5] using the directiors {00, 45°, 90°, 135°} andpixd distances2, 4, 6}, we extract 15 features.
Thesefeaturesncludeangularsecondnoment, contiast,correlation inversedifferentmoment, sumaverag, sum
variarce,sumentroyy, entrqy, differerceaverag, differercevariarce, differerceentrqy, informationmeasue of
correldion |, information measureof correlationll, inertia, variarce ; 2) Following the applicationof the Fourier
transfom, we extractthetotal spectralenegy from 10 equidistantanalysingiings from the power spectrum [11];
3) By convolving eachmamnograghic imagewith eachcombination of Laws’ texture masks[9], we extractthe



totaltexture enegy for this maskcombirationfor useasafeature.4) Following applicdion of the DiscreteWavelet
Transfam (DWT), four featues(standardieviation, mean skawnessandkurtosis)charaterisingthe distribution
of waveletcoeficientsareextractedfrom 3 differentsub-badsandat 3 differentscalesof thetransfomedimage.
In addtion to thesefour groyps of texture featues, we extract a seriesof statisticalfeatues; entrqy, standard
deviation, mean, skewnessand kurtosis were extractedfrom the grey scalescompising the segmeried breast
image;acircularity shapdeaturg[14] andthefractaldimersionusingthe Hurstcoeficientdescritedby Rusg15].

Following featureextraction we usePrincipal CompamentAnalysis (PCA) to reducethedimensioiality of thedata
setof 316-dimersionfeatue vector Onapplying PCAwe selecthefirst n compmentsby analysingheeigervalue
spectrumanddeternine a cut-df poirt afterwhichtheeigemvaluesevel off atsmallvalues.In this studywe select
thecompamentscorrespadingto thefirst thirty eigervalues.

2.4 Classifier Training /Testingand Combination

To improve the perfaomanceandrobustnesf our developed system we chooseto implement a classifiercom-
binationparadgm suchthatwe combinethe decisionof n compmentclassifierson testusingcombirationrules
proposedby Kittler et al. [6]. The assumptiorof condtional independeice betweeneachcompamentclassifier
is animpartant aspectof the combiration stratgly. The comhnation framework is basedon the constrint that
eachclassifierusesits own represetation of the input space.This is achieved by training the setof compnen

classifierswith unique pertubatiors to their training and validation setsthus eachclassifierforms an indepa-

dentrepesentationsf theinput space.Our methodis motivatedby the frequently cited bodstrapaggreyationor

'baggng’ [3] methal of perturbng theinput space.TheresultantBagging Predictor’combiresthe classification
decisionontest,from n compmentclassifierseachtrainedindividually on atrainingsetcreatedisinga bodstrap
apprximation with replacenment. A critical factorin whetherbagdng will improve the accuagy is the stability
of the procedureusedfor constrieting the compnentclassifier Improvermentwill occurfor unstableprocedires
wherea smallchangen thedatasetcanresultin large changsin the classifieraccuacgy. Breiman[3] pointedout
thatArtificial NeuralNetworks (ANN's) utilised unstablgorocediresin forming the classifierandhercetheir use
in our study

To perturbthe training set for eachclassifier we usea simple randbmisationprocessof the original dataset
togethe with a 10-fdd cross-alidationmethod[2] to redice the biason classifierevaluation. The 10-fdd cross-
validation methodtrainsanindividual classifierfor eachfold using90% of dataand 10% for testing. To prevent

over-fitting of the ANN to the training set, 10% of the training datais additiorally usedto createa validation

set. The proesscontintes 10 timeseachtime traininganindividual classifierwith a differert trainingandtesting
with a disjointtestpartitions.No sampleappeas simultaneasly in trainingandtest. By randmisingthe dataset
befole creationof the trainingvalidationandtestingfolds, we introduce differentcombinationsof samplesnto

trainingvalidationtherely providing therequred perturtationof theinput space In thisway, individual classifiers
will betrainedon differenttraining sets,leadingto differentrepresentatias of the input space.Testingon these
differentinput spacerepresetationsleadsto diversityin the resultantclassificationgor individual samples.Our
trained classifierscompise a feed-brward ANN using a back-popagtion with momentun learnirg function

(learnirg raten = 0.01, momentumy = 0.5) togethemwith asoftmaxactivation function[2] to give anestimateof

theposteior prokabilities. Usingtheoutpu from eachclassifier asoft classificatiorcombirationmaybeachieved.

We investigatethe following six combirationrulesdetailedby Kittler etal. [6] majoity vote,sumrule, maxrule,

min rule, productrule andmedianrule.

3 Results

We presentwo setsof resultsonefor eachof theclassificatiorproblanswe aretrying to solve. For eachprodem,

we presentheresultsof combiring the posteriomprokabilities resultingfrom eachof the eleventrainedclassifiers
on test,combined usingthe six combiration rulesand compae with the single bestclassificationresulton test.

For the four-classproblemwe label eachsampleaccordng to the DDSM dersity groundtruth. For the two-class
prodem, we labelall sampleof classed and2 asbelorging to classl (fatty) andall samplef classes3 and4

asbelorgingto class2 (derse).

Table 1 shaws the resultsof the four-classprodem. The bestsinglerecogqition rate obtainedfrom eachof the
elevenclassifierss 58.3%. By combining the posteria probabilities from eachof the eleven classifiersusingthe
product rule we obtainanincreasedecaynition rateof 71.48%6. All of the classifiercombnation rulesproduced
anincreaseon the single bestrecaynition ratewith the excegion of the min rule. Similarly, Table 1 shows the



Table 1. Recognitiorratesfor combnationruleson four-classprodem (a) andtwo-classprablem(b).

(a) (b)
| Combinatim Method | Recognitim Rate% | | CombimationMethod | Recogition Rate% |

Bestsingleresult 583 Bestsingleresult 77.3
Min rule 403 Min rule 90.4

Max rule 585 Max rule 90.4
Productrule 714 Produt rule 96.9
Majority vote 627 Majority vote 89.1
Medianrule 612 Medianrule 93.1
Sumrule 695 Sumrule 96.7

resultsobtainedfor the two-classproblem. In this experimenteachof the classifiercombinationrulesprodiwceda
recoqnition ratebetterthanthatof the bestsingleclassifierat 77.3%. By combning the outpus from eachof the
classifierausingthe productandsumrules,give equally improvedrecogiition ratesof 96.7%.

4 Conclusions

Within this studywe have investigatedhe useof a variety of texturefeaturesfor the classificatiorof breast tissue
typeanddemastratedts applicatio by classifyingsegmenedbreastegionsonmammogams.By usingclassifier
combinationruleswe have beenableto maximisetherecogition rateon testfor thetwo classificatiortasks.

The resultsobtaired for the four-classprablem indicatethat the classificationof breastdensityaccordng to the
BIRADS systemis a challendng task. The subtletyof breasttissuedifferentiatingthe four classesncreaseshe
likelihoad of confusionin the resultantclassification. Equally, our grourd-truthrelies on an expert radiolagists
assessmentf the breast that may be subjectto inter-obsever differerces. Our resultsreflect the problem of
differentiatingbetweenrsubtleglanduar anddenseissuetypes. Addressingthe two-classprablem of classifying
denseandfatty we have demastratedthat the techrique of combinirg classifieroutputs not only improvesthe
undelying perfomancebut alsoensureclassifierrobustnessThe resultsof the two-classprodem justify theuse
of thistechnquein a proppsedCAD system.
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