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Abstract

A methodto correspondinear structuresn mammographiémagesis pre-
sented Our approachs basedn automaticallyestablishingorrespondence
betweerlinear structuresvhich appeaiin imagesusingrobustfeaturessuch
asorientation,width and curvatureextractedfrom thosestructures.There-
sultingcorrespondends usedto tracklinearstructuresandregionsin mam-
mographidmagedakenat differenttimes.

1 Intr oduction

Medicalimageanalysig1] hasbeenanimportantresearctsubjectin recentyearswhere
computewisiontechniqguehave beensuccessfullyappliedto developdetectioranddiag-
nosissystemsenhancemerdandtrainingtools. Theanalysisof mammographiamagess

oneof thosefieldsandassuchavery challengingonedueto thecompleity of theimages
andthe subtlenatureof theabnormalities.

Detectiorof abnormasktructure®r architecturatlistortionsn mammographiamages
canbe performedby analysingdifferentimagesof the samepatient. Variousapproaches
have beenadoptedvhich bringimagesnto alignmentn orderto detectdifferencesvhich
arelikely to bedueto anabnormality A largenumberof thosemethodsarebasecdbn au-
tomaticallycorrespondingxtractedandmarkgsrom mammographiamages.Thoseand-
marksincludebreastboundary[15, 20, 9], pectoralmuscle[9], salientregionsextracted
usingwavelets[14], iso-intensitycontourd11] or steerabldilters[20] andcrossingpoints
of horizontalandverticalstructureg22].

This work presentsan approachto the correspondencen mammographidmages
basedon anatomicafeatureswhich appearaslinear structuresn theimages. The cor
respondences usedhereto track linear structuresn mammogram®f the samepatient
over severalyears. Trackingof linear structurescould be usedto assessand modelthe
developmenbf architecturathangesndabnormaktructuresBy beingableto trackre-
gionsbackin time theavailableinformationwill helpto improve earlydetectiorof subtle
abnormalitiesvhichareinitially missedby radiologists.

Thetrackingof objectsin imagesequenceis a well-developedarea[21]. However,
in generathisinvolvesrigid objects(lik e cars[8]) or objectswith a predictablébehaiour
(like humang10] or animals[18]). Anotherdifferencewith thecurrentapplicationis the
factthatnormally trackingis establishedisingsequencesf tensto hundredof images
andnotonly afew.
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2 Problem Definition

The problemof trackinglinear structuresn mammogramsgvolvesvarioussteps:1. to
identify linear structuresn mammogramgSection3), 2. to extractreliableinformation
from thosestructuregSection4) and3. to obtaincorrespondencleetweerthe structures
(Section5). Detectionof linear structuress performedusinga multi-scalenon-linear
operator[7]. Detectedines are processedo obtainthe major linear structuresn each
mammogram. Subsequentlyfeaturessuchas orientation,width and curvatureare ex-
tractedand usedby a matchingprocesgo find correspondencbetweenpoints. From
thosepoints, linear structuresare identified and tracked throughvariousimagesof the
samebreastakenatvariousscreening/ears.Figurel shaovs anoverview of the proposed
method.
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Figurel: Overview of the proposednethod.

3 Detectionof Linear Structures

Initially mammogramsre segmentedn orderto extractthe breastregion wherea line

detectorwill be appliedasdescribedn [16]. We usea non-linearline operator{7] to

detectlinear structures. At a given scale,the line operatorprovidesfor every pixel a

strengthandorientationof thelinearstructure Thendifferentoperationgthreshold non-

maximumsuppressiomndthinning) are appliedin orderto obtainthe backboneof the

majorlinearstructuresFigure2 shavs anexampleof thedetectednajorlinearstructures
in amammogram.
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Figure2: Detectionof linearstructures{a) originalmammogranand(b) detectednajor
linearstructures.

4 Feature Extraction

After obtainingthe salientlinear structuresn both mammogramsfeatureextractionis
neededn orderto obtaindescriptorsof the structureso be usedin the matchingpro-
cess. Therefore,registrationresultswill strongly dependon the reliability of the ex-
tractedfeatures.Featuresaisedin the literatureincludeline strength(contrast)[17], line
width[17, 5, 12], line length[5], orientation17, 5, 12], curvature[19, 6], cornerd4, 13],
crossingpoints[6] andendpoints[17, 5, 6].

Correspondindinear structuresn two mammogramgan presentlarge differences
relatedto line strengthandline continuity (dueto differentradiationexposureandbreast
compressionput width and orientationof the line and local curvatureand branching
pointsaremorelikely to be presered andoften arefeaturesusedby radiologistswhen
comparingmammograms.Therefore,featureswhich take line length, end points and
line strengthinto accountturn out to be unreliablefeaturego tacklethe correspondence
problem.In this papemwe uselocal featuresuchascurvature width andorientation.The
basicideaof our methodis to extractfeaturessuchasorientationandwidth from points
determinedby their maximal curvaturewithin a local neighbourhoodilong the linear
structure.Maximum curvaturepointsarelikely to be characteristidor a linear structure
in termsof local curvatureand branchingpoints. Exampleof suchpointsare shovn in
Figure3.

Cunvaturevaluesateachpixel areobtainedwith asimilarapproackasusedn [6]. Cur-
vature(or directionalchangebetweertwo pixelsp andq is definedby thescalamproduct
of their normalvectors. Hence,the curvaturemeasureof a given pixel p is obtainedby
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Figure 3: Curvaturepointsof a linear structure: (a) original mammogranmand (b) ex-
tractedlinearstructuregin grey) andcurvaturepoints(in white).

computingthe scalamproductbetweerp andits neighbouringpixels.

N
Cp = % izzlexp(_dz?p)(l - COS(¢p - ¢’)) (1)

whereg; is the angleof the normalat eachpixel ;. As we will be extractingcurvature
from binarythinnedimageswe assumaunit vectors.N is thenumberof pointsin alocal

neighbourhoodndd;, is the Euclideandistancebetweenpointsi andp. The distance
factoris usedhereto weightthe curvatureof eachpoint i, in orderto incorporatea bias
for pointscloserto p.

5 Matching

Matchingtwo setsof featurepointsis a commonproblemin computervision. To min-
imise computationtime differentapproachefhave beenusedsuchas chamfermatch-
ing [3], iterative closestpoint [2] andrelaxationbasedapproache§l?, 5. However all
theabove methodsmake assumptionsvhich arenot applicableto our matchingproblem
(i.e. rigid movementandgeometriaelationshipbetweerstructures).

Thematchingproces®f two setsof featurepointsneedgo considetthefollowing as-
sumptions:Non-rigid motion. Linearstructuresn mammogramsuffer local distortions,
thereforethey may move independenthyand no geometricalrelationshipis established
betweemeighbouringstructures.Multiple matches. A linear structurein one mammo-
gramcanmatchmorethanonestructurein the othermammogramandvice versa.Non-
bijectivity. A linear structurein onemammogranmmay not have a correspondingdinear
structurein the other, andvice versa. Localisation. After global breastmisalignmenis
removed, matchedinear structuredie in approximatelythe sameareain both mammo-
gramsithelocalisationareal.

We adoptherea similar but more generalapproachthanthe oneusedin [22]. We
denotethesetof featurepointsfrom bothmammogramsas{a;|1 < i < N;} and{b;|1 <
Jj < N;}, whereN; andN; arethe numberof featurepointsused,which maynotbethe
same.Subsequentlyve build a distancematrix (D M) in which eachposition D M (i, 5)
describeghe normaliseddistancebetweenfeaturesof pointsa; andb;. Hence,a low
value meansgood matchingbetweenpoints. The useof the distancematrix structure
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fullfills the first threeassumptionsindependentmotion (matchedpoints a;, b; do not
imply matchinga;+1,b;+1); apointa; mayhave multiple matchedointsb;; anda point
in eithermammogrammayremainunmatched.

5.1 Feature Distances

Satisfyingthe last assumptionJocalisation,position DM (¢, 5) will only have a finite
valueif pointsa; andb; arein the samelocalisationareain both mammograms.This
assumptiorcanonly be statedif bothmammogramsireglobally aligned,thatis, global
deformation(i.e. rotation,translation,scaleand shear)is removed. Therefore,we ini-
tially registermammogramsnaximisinga mutualinformation measureusing an affine
transformation.

Thenormaliseddistancebetweerfeaturepoints(a;, b;) is determinedy threecom-
ponentsThefirst distancds theEuclideandistancg D g) betweerpointcoordinatesor-
malisedusingthe diameterof thelocalisationarea(M). Coordinate®f oneof the points
aretransformedT,,) usingtheparametersbtainedrom the globalalignmentmentioned
earlier The seconddistanceis the orientationdifferencebetweertwo points(D), sim-
ilar to the curvaturedefinitionin Equationl. Thethird distanceis the width difference
betweertwo points(D,,) normalisedusingthemaximumwidth of all thelinearstructures
(W). Thenormaliseddistanceds givenby

DM(7’7.7) = DE+D¢+Dw
_ |Talai) = b)) | 1—cos(¢i — ;)  |wi—wy
= i =+ 5 =+ 7 2 2)
6 Tracking

Matchedpointsobtainedin the processdescribedn the lastsectionareusedto identify

andtrack linear structuresn sequencesf images. Correspondindinear structuresare
thosestructureswhich containcommonmatchedpointsas shovn in Figure4. For ex-

ample,controlpoints12, 13 and21 matchthe samelinear structure althoughbrokenin

(a), but notin (b). Linear structuresn grey do not containary control points,therefore
remainunmatchednotethatthesearelik ely to be smallstructures).
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Figure4: Trackingof linear structures:Matchedpoints (numbers)and matchedlinear
structuresn two mammograms.

Theproposedrackingmethods testedusingmammographi@mages Figure5 shavs
trackingbetweenthe mammogranof Figure2 anda deformedversionof it (the defor
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mationhasa local natureandis basedon registrationbetweerscreeningounds),where
numberglepictcorrespondindinearstructuresThis indicateghelocal movementof the
linear structures.Due to line fragmentationjinear structuresn oneimagemay corre-
spondto morethanonelinearstructurein the other This explainsthe repeatechumbers
in Figure5. It canbe seenthat major linear structureshave beensuccessfullyidentified
andtracked.
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Figure5: Trackingof linearstructures(a) originaland(b) deformednammogram.

Usingtheexampleof Figure5, we testtherobustnes®f thetrackingalgorithmin the
presencef noiseandoutliers. Evaluationhasbeencarriedout countingthe numberof
matchingerrorsfoundin the images. It shouldbe notedthata matchingerror doesnot
meanthat both correspondingstructuresare completelymismatchedaswe are match-
ing linear structuresnot only points. Thereforethe numberof matchingerrorsandthe
numberof matchesarenotrelated.

Figure6a shaws the numberof matchingerrorsfoundin the imageswhendifferent
amountsof Gaussiamoise (IV (u, o)) areaddedto the featurepoints. At eachplotted
pointin Figure6anoiseis affectingall featuresppositionwith N (0, 20), orientationwith
N(0,7/6) andwidth with N (0, 10). It shouldbe notedthatnoisefor eachpointis added
to the previous noiselevel andthe graphpresents linear behaiour which denoteshe
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robustnes®f the method.Anothertesthasbeenperformedo determinehe dependence
of the methodon the presencef outliers. Outliersare definedhereas matchedpoints
whicharenotrelatedto majormammographitinearstructuresgnostof thetime theseare
dueto noise,imageartifactsor spuriousstructures.Outliershave beengeneratedising
thefollowing method:A numberof initially extractedfeaturepointshave beenrandomly
removedandreplacedy thesamenumberof randomlygenerategboints. Figure6b plots
the numberof matchingerrorsasa function of the percentag®f thoseoutliers. Again,
therespons@resenta linearbehaiour evenwith alarge percentagef outliers.
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Figure 6: Evaluationof the tracking of linear structures:(a) Gaussiamoise addedto
featurepointsand(b) presencef outliers.

7 Results

This sectionpresentsnitial trackingresults.Figure7 shavsthreemammogramsakenat
differentscreeningounds(with approximatelythreeyearstime betweereachone)where
anabnormalityhasbeendiagnosedn thelastscreeningound.
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Figure7: Mammogramsgrom variousscreening/ears:(a) 1992,(b) 1995and(c) 2000.
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Figure8 shavsthetrackingof linearstructuresn themammogramsf theFigure?. It
canbeseerthattrackingresultsarenotasgoodasin thetestimagein Figure5, but major
linearstructuresarestill beingtracked. It shouldbe notedthatthe abnormalityoccursin
anareawhich doesnot containa large numberof mammographitinearstructures.
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Figure8: Trackingof linearstructuresn mammogram$om variousscreening/ears:(a)
1992,(b) 1995and(c) 2000.

In addition,usingtrackingresultsfrom the linear structuresregionsof interestcan
alsobetrackedovertime. Correspondendeetweerinearstructuress usedhereto align
mammogramsn orderto track a region of interest,in this casethe abnormalregion.
Alignmentis furtherdescribedn [16]. In Figure9 asmallregioncontainingtheabnormal
structurewithin the mammographisequencés shovn. This shawvs thatthe abnormality

is only presentin the final year with no mammographievidencein earlier screening
rounds.

(b)

Figure9: Trackingof anabnormakegionin mammogram&om variousscreeningears:
() 1992,(b) 1995and(c) 2000.
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8 Discussion

Trackingresultsdepencdn a satishctoryline andfeaturedetectionwhichis not straight-
forward to achieve dueto differentand uncontralablémaging conditions(breastcom-
pressionradiationexposure patientmovement). Otherline detectionmethodsandalso
image normalisationapproachegould be investigated. Linear structuresappearto be
non-uniformlyfragmentedvertheimages.Line linking algorithmscouldbeapplied but
specialcarehasto betakenin choosingthelinking criteriondueto complex geometryof
thelinearstructures Statisticalmodellingof the tracked abnormakegionsover time can
beusedto assesshe subtlepresenc®f abnormalitiesn earlyscreenings.

9 Conclusion

Thework presentedheredescribesnapproacto solve the problemof extractionof reli-
ablefeaturesn mammographitmagesandestablishesorrespondencieetweerthemin
sequencesf mammogramslocal featuresbasedon scale orientationandpositionhave
beenused. Resultsshaw thattrackingof linear structuresover time in mammographic
imagesis feasibleandcanprovide valuableinformationregardingchangesn the breast
structureand can be usedto asseshe developmentof structuralabnormalities.Future
work will be focusedto further assesshe proposedmethodusingvariousdatasetsand
to apply it to detectandtrack abnormalitiesover time using the information extracted
from thelinearstructuresin addition,it is ouraimto incorporatenformationfrom other
modalitiesandextendthe methodto 3D data.
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