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Abstract

A methodto correspondlinear structuresin mammographicimagesis pre-
sented.Ourapproachis basedonautomaticallyestablishingcorrespondence
betweenlinearstructureswhich appearin imagesusingrobustfeaturessuch
asorientation,width andcurvatureextractedfrom thosestructures.There-
sultingcorrespondenceis usedto tracklinearstructuresandregionsin mam-
mographicimagestakenatdifferenttimes.

1 Intr oduction

Medicalimageanalysis[1] hasbeenanimportantresearchsubjectin recentyearswhere
computervisiontechniqueshavebeensuccessfullyappliedto developdetectionanddiag-
nosissystems,enhancementandtrainingtools.Theanalysisof mammographicimagesis
oneof thosefieldsandassuchaverychallengingonedueto thecomplexity of theimages
andthesubtlenatureof theabnormalities.

Detectionof abnormalstructuresorarchitecturaldistortionsin mammographicimages
canbeperformedby analysingdifferentimagesof thesamepatient.Variousapproaches
havebeenadoptedwhichbringimagesinto alignmentin orderto detectdifferenceswhich
arelikely to bedueto anabnormality. A largenumberof thosemethodsarebasedonau-
tomaticallycorrespondingextractedlandmarksfrom mammographicimages.Thoseland-
marksincludebreastboundary[15, 20, 9], pectoralmuscle[9], salientregionsextracted
usingwavelets[14], iso-intensitycontours[11] or steerablefilters[20] andcrossingpoints
of horizontalandverticalstructures[22].

This work presentsan approachto the correspondencein mammographicimages
basedon anatomicalfeatureswhich appearaslinear structuresin the images.The cor-
respondenceis usedhereto track linearstructuresin mammogramsof thesamepatient
over several years. Trackingof linear structurescould be usedto assessandmodelthe
developmentof architecturalchangesandabnormalstructures.By beingableto trackre-
gionsbackin timetheavailableinformationwill helpto improveearlydetectionof subtle
abnormalitieswhichareinitially missedby radiologists.

Thetrackingof objectsin imagesequencesis a well-developedarea[21]. However,
in generalthis involvesrigid objects(likecars[8]) or objectswith apredictablebehaviour
(likehumans[10] or animals[18]). Anotherdifferencewith thecurrentapplicationis the
fact thatnormally trackingis establishedusingsequencesof tensto hundredsof images
andnotonly a few.
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2 ProblemDefinition

Theproblemof trackinglinearstructuresin mammogramsinvolvesvarioussteps:1. to
identify linearstructuresin mammograms(Section3), 2. to extract reliableinformation
from thosestructures(Section4) and3. to obtaincorrespondencebetweenthestructures
(Section5). Detectionof linear structuresis performedusinga multi-scalenon-linear
operator[7]. Detectedlines areprocessedto obtainthe major linear structuresin each
mammogram.Subsequently, featuressuchasorientation,width andcurvatureareex-
tractedandusedby a matchingprocessto find correspondencebetweenpoints. From
thosepoints, linear structuresare identifiedand tracked throughvariousimagesof the
samebreasttakenatvariousscreeningyears.Figure1 showsanoverview of theproposed
method.
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Figure1: Overview of theproposedmethod.

3 Detectionof Linear Structures

Initially mammogramsaresegmentedin orderto extract the breastregion wherea line
detectorwill be appliedasdescribedin [16]. We usea non-linearline operator[7] to
detectlinear structures. At a given scale,the line operatorprovides for every pixel a
strengthandorientationof thelinearstructure.Thendifferentoperations(threshold,non-
maximumsuppressionandthinning)areappliedin orderto obtainthe backboneof the
majorlinearstructures.Figure2 showsanexampleof thedetectedmajorlinearstructures
in a mammogram.
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(a) (b)

Figure2: Detectionof linearstructures:(a)originalmammogramand(b) detectedmajor
linearstructures.

4 FeatureExtraction

After obtainingthe salientlinear structuresin both mammograms,featureextractionis
neededin order to obtaindescriptorsof the structuresto be usedin the matchingpro-
cess. Therefore,registrationresultswill strongly dependon the reliability of the ex-
tractedfeatures.Featuresusedin the literatureincludeline strength(contrast)[17], line
width [17, 5, 12], line length[5], orientation[17, 5, 12], curvature[19, 6], corners[4, 13],
crossingpoints[6] andendpoints[17, 5, 6].

Correspondinglinear structuresin two mammogramscan presentlarge differences
relatedto line strengthandline continuity(dueto differentradiationexposureandbreast
compression)but width and orientationof the line and local curvatureand branching
pointsaremorelikely to be preservedandoften arefeaturesusedby radiologistswhen
comparingmammograms.Therefore,featureswhich take line length, end points and
line strengthinto accountturn out to beunreliablefeaturesto tacklethecorrespondence
problem.In thispaperweuselocal featuressuchascurvature,width andorientation.The
basicideaof our methodis to extract featuressuchasorientationandwidth from points
determinedby their maximal curvaturewithin a local neighbourhoodalong the linear
structure.Maximumcurvaturepointsarelikely to becharacteristicfor a linearstructure
in termsof local curvatureandbranchingpoints. Exampleof suchpointsareshown in
Figure3.

Curvaturevaluesateachpixelareobtainedwith asimilarapproachasusedin [6]. Cur-
vature(or directionalchange)betweentwo pixels � and � is definedby thescalarproduct
of their normalvectors.Hence,thecurvaturemeasureof a givenpixel � is obtainedby
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(a) (b)

Figure3: Curvaturepointsof a linear structure: (a) original mammogramand(b) ex-
tractedlinearstructures(in grey) andcurvaturepoints(in white).

computingthescalarproductbetween� andits neighbouringpixels.
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where )
�

is theangleof the normalat eachpixel , . As we will be extractingcurvature
from binarythinnedimages,weassumeunit vectors.



is thenumberof pointsin a local

neighbourhoodand �
� �

is the Euclideandistancebetweenpoints , and � . The distance
factoris usedhereto weight thecurvatureof eachpoint , , in orderto incorporatea bias
for pointscloserto � .

5 Matching

Matchingtwo setsof featurepointsis a commonproblemin computervision. To min-
imise computationtime different approacheshave beenusedsuchas chamfermatch-
ing [3], iterative closestpoint [2] andrelaxationbasedapproaches[17, 5]. However all
theabove methodsmake assumptionswhich arenot applicableto our matchingproblem
(i.e. rigid movementandgeometricrelationshipbetweenstructures).

Thematchingprocessof two setsof featurepointsneedsto considerthefollowing as-
sumptions:Non-rigid motion. Linearstructuresin mammogramssuffer local distortions,
thereforethey may move independentlyandno geometricalrelationshipis established
betweenneighbouringstructures.Multiple matches. A linear structurein onemammo-
gramcanmatchmorethanonestructurein theothermammogram,andvice versa.Non-
bijectivity. A linear structurein onemammogrammaynot have a correspondinglinear
structurein theother, andvice versa.Localisation. After globalbreastmisalignmentis
removed,matchedlinearstructureslie in approximatelythesameareain bothmammo-
grams;thelocalisationarea- .

We adoptherea similar but moregeneralapproachthanthe oneusedin [22]. We
denotethesetof featurepointsfrom bothmammograms,as .0/ �21 �43 , 3 
 ��5

and .7698 1 �43: 3 
 8 5 , where

 �

and

 8 arethenumberof featurepointsused,which maynot bethe

same.Subsequently, we build a distancematrix ( ;<- ) in which eachposition ;=- � ,?> : !describesthe normaliseddistancebetweenfeaturesof points / � and 6 8 . Hence,a low
valuemeansgood matchingbetweenpoints. The useof the distancematrix structure
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fullfills the first threeassumptions:independentmotion (matchedpoints / � >26 8 do not
imply matching/ �A@ � >2628 @ � ); a point / � mayhavemultiplematchedpoints 698 ; anda point
in eithermammogrammayremainunmatched.

5.1 Feature Distances

Satisfyingthe last assumption,localisation,position ;=- � ,?> : ! will only have a finite
valueif points / � and 6 8 are in the samelocalisationareain both mammograms.This
assumptioncanonly bestatedif bothmammogramsareglobally aligned,that is, global
deformation(i.e. rotation,translation,scaleandshear)is removed. Therefore,we ini-
tially registermammogramsmaximisinga mutual informationmeasureusingan affine
transformation.

Thenormaliseddistancebetweenfeaturepoints � /
� >2698 ! is determinedby threecom-

ponents:Thefirst distanceis theEuclideandistance( ;CB ) betweenpointcoordinatesnor-
malisedusingthediameterof thelocalisationarea( - ). Coordinatesof oneof thepoints
aretransformed( D�E ) usingtheparametersobtainedfrom theglobalalignmentmentioned
earlier. Theseconddistanceis theorientationdifferencebetweentwo points( ;GF ), sim-
ilar to the curvaturedefinition in Equation1. The third distanceis thewidth difference
betweentwo points( ;IH ) normalisedusingthemaximumwidth of all thelinearstructures
( J ). Thenormaliseddistanceis givenby;<- � ,?> : ! 	 ;IBLKM;IF4KM;CH	 1 D E � /

� ! � 698 ! 1- K � �$#&%N'��*)
�
�$) 8 !O K

1 PQ�
�
P 8 1J R (2)

6 Tracking

Matchedpointsobtainedin theprocessdescribedin the lastsectionareusedto identify
andtrack linear structuresin sequencesof images.Correspondinglinear structuresare
thosestructureswhich containcommonmatchedpointsasshown in Figure4. For ex-
ample,controlpoints12, 13 and21 matchthesamelinearstructure,althoughbrokenin
(a), but not in (b). Linearstructuresin grey do not containany controlpoints,therefore
remainunmatched(notethatthesearelikely to besmallstructures).

(a) (b)

Figure4: Trackingof linear structures:Matchedpoints(numbers)andmatchedlinear
structuresin two mammograms.

Theproposedtrackingmethodis testedusingmammographicimages.Figure5 shows
trackingbetweenthe mammogramof Figure2 anda deformedversionof it (the defor-
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mationhasa local natureandis basedon registrationbetweenscreeningrounds),where
numbersdepictcorrespondinglinearstructures.This indicatesthelocalmovementof the
linear structures.Due to line fragmentation,linear structuresin one imagemay corre-
spondto morethanonelinearstructurein theother. This explainstherepeatednumbers
in Figure5. It canbeseenthatmajor linearstructureshave beensuccessfullyidentified
andtracked.

(a) (b)

Figure5: Trackingof linearstructures:(a)originaland(b) deformedmammogram.

Usingtheexampleof Figure5, we testtherobustnessof thetrackingalgorithmin the
presenceof noiseandoutliers. Evaluationhasbeencarriedout countingthenumberof
matchingerrorsfound in the images.It shouldbe notedthata matchingerrordoesnot
meanthat both correspondingstructuresarecompletelymismatched,aswe arematch-
ing linearstructures,not only points. Thereforethe numberof matchingerrorsandthe
numberof matchesarenot related.

Figure6ashows the numberof matchingerrorsfound in the imageswhendifferent
amountsof Gaussiannoise(


 �TS >9U ! ) areaddedto the featurepoints. At eachplotted
point in Figure6anoiseis affectingall features:positionwith


 �*V > O V ! , orientationwith
 �*V >+WYX[Z ! andwidth with

 �*V > � V ! . It shouldbenotedthatnoisefor eachpoint is added

to the previousnoiselevel andthe graphpresentsa linear behaviour which denotesthe
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robustnessof themethod.Anothertesthasbeenperformedto determinethedependence
of the methodon the presenceof outliers. Outliersaredefinedhereasmatchedpoints
whicharenotrelatedto majormammographiclinearstructures,mostof thetimetheseare
dueto noise,imageartifactsor spuriousstructures.Outliershave beengeneratedusing
thefollowing method:A numberof initially extractedfeaturepointshavebeenrandomly
removedandreplacedby thesamenumberof randomlygeneratedpoints.Figure6bplots
thenumberof matchingerrorsasa functionof thepercentageof thoseoutliers. Again,
theresponsepresentsa linearbehaviour evenwith a largepercentageof outliers.
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Figure 6: Evaluationof the trackingof linear structures:(a) Gaussiannoiseaddedto
featurepointsand(b) presenceof outliers.

7 Results

Thissectionpresentsinitial trackingresults.Figure7 showsthreemammogramstakenat
differentscreeningrounds(with approximatelythreeyearstimebetweeneachone)where
anabnormalityhasbeendiagnosedin thelastscreeninground.

(a) (b) (c)

Figure7: Mammogramsfrom variousscreeningyears:(a)1992,(b) 1995and(c) 2000.
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Figure8 showsthetrackingof linearstructuresin themammogramsof theFigure7. It
canbeseenthattrackingresultsarenotasgoodasin thetestimagein Figure5, but major
linearstructuresarestill beingtracked. It shouldbenotedthattheabnormalityoccursin
anareawhichdoesnotcontaina largenumberof mammographiclinearstructures.

(a) (b) (c)

Figure8: Trackingof linearstructuresin mammogramsfrom variousscreeningyears:(a)
1992,(b) 1995and(c) 2000.

In addition,usingtrackingresultsfrom the linear structures,regionsof interestcan
alsobetrackedover time. Correspondencebetweenlinearstructuresis usedhereto align
mammogramsin order to track a region of interest,in this casethe abnormalregion.
Alignmentis furtherdescribedin [16]. In Figure9 asmallregioncontainingtheabnormal
structurewithin themammographicsequenceis shown. Thisshows thattheabnormality
is only presentin the final year with no mammographicevidencein earlier screening
rounds.

(a) (b) (c)

Figure9: Trackingof anabnormalregion in mammogramsfrom variousscreeningyears:
(a)1992,(b) 1995and(c) 2000.
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8 Discussion

Trackingresultsdependonasatisfactoryline andfeaturedetection,whichis notstraight-
forward to achieve due to differentanduncontralableimagingconditions(breastcom-
pression,radiationexposure,patientmovement).Otherline detectionmethodsandalso
imagenormalisationapproachescould be investigated.Linear structuresappearto be
non-uniformlyfragmentedovertheimages.Line linking algorithmscouldbeapplied,but
specialcarehasto betakenin choosingthelinking criteriondueto complex geometryof
thelinearstructures.Statisticalmodellingof thetrackedabnormalregionsover time can
beusedto assessthesubtlepresenceof abnormalitiesin earlyscreenings.

9 Conclusion

Thework presentedheredescribesanapproachto solvetheproblemof extractionof reli-
ablefeaturesin mammographicimagesandestablishescorrespondencebetweenthemin
sequencesof mammograms.Local featuresbasedonscale,orientationandpositionhave
beenused. Resultsshow that trackingof linear structuresover time in mammographic
imagesis feasibleandcanprovide valuableinformationregardingchangesin thebreast
structureandcanbe usedto assesthe developmentof structuralabnormalities.Future
work will be focusedto further assessthe proposedmethodusingvariousdatasetsand
to apply it to detectand track abnormalitiesover time using the informationextracted
from thelinearstructures.In addition,it is ouraimto incorporateinformationfrom other
modalitiesandextendthemethodto 3D data.
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[6] J. DescĥenesandD. Ziou. Detectionof line junctionsandline terminationsusing
curvilinearfeatures.Pattern Recognition Letters, 21:637–649,2000.

[7] R.N. Dixon andC.J.Taylor. Automatedasbestosfibre counting. Inst. Phys. Conf.
Ser, 44:178–185,1979.



152

[8] J.M.Ferryman,S.J.Maybank,andA.D. Worrall. Vehicletrackingwith applications
to collisionalert. ^[\T] British Machine Vison Conference, pages192–201,1997.

[9] N. KarssemeijerandG. Te Brake. Combiningsingleview featuresandasymmetry
for detectionof masslesions. Digital Mammography, Nijmegen, pages95–102,
1998.

[10] I.A. Kauralova,P.M. Hall, andA.D. Marshall.A hierarchicalmodelof dynamicsfor
trackingpeoplewith asinglevideocamera.�"� \T] British Machine Vison Conference,
pages352–361,2000.

[11] S. Kok-Wiles, M. Brady, andR. Highnam. Comparingmammogrampairsfor the
detectionof lesions.Digital Mammography, Nijmegen, pages103–110,1998.

[12] R. KutkaandS.Stier. Extractionof line propertiesbasedon directionfields. IEEE
Transactions on Medical Imaging, 15(1):51–58,1996.

[13] V. LacroixandM. Acheroy. Featureextractionusingtheconstrainedgradient.Pho-
togrammetry and Remote Sensing, 53:85–94,1998.

[14] K. Marias,C. P. Behrenbruch,M. Brady, S.Parbhoo,andA. Seifalian. Multi-scale
landmarkselectionfor improvedregistrationof temporalmammograms._ \T] Inter-
national Workshop on Digital Mammography, 2000.In press.

[15] K. Marias,J.M.Brady, R.P. Highnam,S.Parbhoo,andA.M. Seifalian. Registration
andmatchingof temporalmammogramsfor detectingabnormalities. `"a2b Confer-
ence on Medical Image Understanding and Analysis, 1999.

[16] R. Marti, R. Zwiggelaar, andC.M.E. Rubin. Automatic registrationof mammo-
gramsbasedon linear structures. �7c \T] International Conference on Information
Processing in Medical Imaging, pages162–168,2001.

[17] G. MedioniandR. Nevatia. Matchingimagesusinglinearfeatures.IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 6(6):675–685,1984.

[18] N.Sumpter, R.D. Boyle, andR.D. Tillett. Modelling collective animalbehaviour
usingextendedpoint distribution models. ^[\T] British Machine Vison Conference,
pages242–251,1997.

[19] A. RosenfeldandM. Thurston.Edgeandcurvedetectionfor visualsceneanalysis.
IEEE Transactions on Computers, C-20(5):562–569,1971.

[20] M. SallamandK. Bowyer. Registrationanddifferenceanalysisof corresponding
mammogramimages.Medical Image Analysis, 3(2):103–118,1999.

[21] T.DrummondandR. Cipolla. Real-timetrackingof complex structureswith on-line
cameracalibration. � V \T] British Machine Vison Conference, pages574–583,1999.

[22] N. Vujovic and D. Brzakovic. Establishingthe correspondencebetweencontrol
point in pairsof mammographicimages.IEEE Transactions on Image Processing,
6(10):1388–1399, 1997.


