
Classificationof Radiographsin the

‘Image Retrieval in Medical Applications’ - System

(IRMA)

J. Dahmen
�
, T. Theiner

�
, D. Keysers

�
, H. Ney

�
,

T. Lehmann
�
, B. Wein

��
Lehrstuhlfür InformatikVI�

Instituteof MedicalInformatics�
Departmentof DiagnosticRadiology

RWTH Aachen- Universityof Technology, Germany
Email: dahmen@informatik.rwth-aachen.de

Abstract

In this paperwe presenta new approachto classifyingradiographs,which is the first importanttaskof

the IRMA system.Given an image,we computeposteriorprobabilitiesfor eachimageclass,asthis in-

formationis neededfor further IRMA processing.Classificationis doneby usinganextendedversionof

Simard’s tangentdistancewithin a kerneldensitybasedclassifier. We proposea new distortionmodelfor

radiographsandproveits effectivenessby applyingthemethodto 1617radiographscomingfrom daily rou-

tine. Althoughthedistortionmodelaloneyieldsvery goodresults,thebestrecognitionratesareobtained

by combiningit with tangentdistance,i.e.by computinga ‘distortedtangentdistance’.

1 Intr oduction

The importanceof digital imageretrieval techniquesincreasesin the emerging fields of medi-

cal imagingandpicturearchiving andcommunicationsystems(PACS).Up to now, textual index

entriesaremandatoryto retrieve medicalimagesfrom a hospitalarchive, even if the archive is

DICOM-compliant(Digital ImagingandCommunicationsin Medicine[Lou etal., 1997]). Cur-

rently, a lot of researchis donein thefield of imageretrieval, but themajorityof today’s systems

areintendedfor browsing variegatedimagedatabases,e.g.for imagescollectedfrom theWorld

WideWeb. Usually, thefeaturesusedfor indexing characterizetheentireimageratherthanimage

regionsor objectsandFALOUTSOS [Faloutsosetal., 1994] pointedout thatoneof themosteffec-

tive featuresof suchsystemsis color. Unfortunately, it is quiteobviousthatusingcolor-basedfea-

turesdoesnotseempromisingfor mostmedicalimageretrieval systems.Sincethen,somepromis-

ing approachesto the retrieval problemwerereported,amongthem[Schmid& Mohr, 1997] or

[Ravela& Manmatha,1998], but theirapplicabilityto medicalimageretrieval is still to beshown.



Furthermore,queriesof diagnosticrelevanceincludesearchingfor organs,their relative loca-

tions and otherdistinct featureslike morphologicalappearances.Therefore,commonretrieval

systemscannotguaranteea meaningfulquery completionwhen usedwithin medical context

[Lehmannet al., 2000]. In contrastto this,theIRMA system- ajoint projectbetweenthreeRWTH

Aachen- University of TechnologyinstitutesandPhilipsMedicalSystems- is beingdeveloped

for usein daily clinical routine.Thispaperdealswith thefirst importantstepwithin IRMA image

processing,namelyimageclassification.In thenext Section,we will briefly explain thegeneral

IRMA architecture,motivatingtheneedfor imageclassification.After describingtheradiograph

databaseandthefeatureanalysisin Section3, we will give anoverview of Simard’s tangentdis-

tance[Simardetal., 1993], which we usein our classifier. The imagedistortionmodel,which

- despiteits simplicity - provedto bevery effective in our experiments(especiallyin conjunction

with tangentdistance),is proposedin Section5. After that,we describeour kerneldensitybased

classifierwithin which we usethedescribeddistancemeasures.Beforedrawing conclusionsand

giving anoutlookto futurework, wediscussour resultsin Section7.

2 The IRMA-System: An Overview

Fromthemedicalpoint of view thereexist threemajorapplicationsfor automatedcontentbased

imageretrieval [Lehmannet al., 2000] :

(1) automaticretrieval of relevantimagesfor follow-up studieswithin aPACS,

(2) searchingfor representative imagesof known diseasesand

(3) scientificandeducationalstudiesonX-ray patterns.

In contrastto commonapproachesto imageretrieval, the IRMA conceptis basedon a strict

logicalandalgorithmicseparationof thefollowing stepsto enablecomplex imagecontentunder-

standing:� image-categorization(basedonglobalfeatures)� image-registration(in geometryandcontrast)� featureextraction(basedon local features)� featureselection(category andquerydependent)� indexing (multiscaleblob-representation)� identification(incorporatea-priori knowledge)� retrieval (onblob-level)



Figure1: TheIRMA architecture

To enablecomplex queriesfor medicalpurpose,the informationretrieval systemmustbefa-

miliar with the classof a given imageprior to queryprocessing,asthis informationis of great

interestfor the following IRMA steps.For example,searchinga pulmonaltumor in a skull ra-

diographis senseless(as- by definition - a pulmonaltumor is alwayslocatedin the lungs),and

ultrasoundimagesneeddifferentprocessingthanradiographs(asthe characteristicsof an ultra-

soundimagegreatlydiffer fromthoseof aradiograph).Thus,if aradiologistissearchingtheimage

databasefor all radiographsshowing a pulmonaltumor, the IRMA systemonly processesradio-

graphswhichareclassifiedas’chest’ (or haveaposteriorprobabilityfor ‘chest’ thatis higherthan

a user-definedtreshold). On all picturesfulfilling this constraints,the (probablycomputational

moreexpensive)searchfor tumorsis done,for instancebyusinglocaltexturalfeaturesasproposed

in [Vogelsangetal., 1997] or statisticalclassifierssuchasproposedin [Dahmenet al.,2000]. The

categorizationstepthereforenot only reducesthecomputationalcomplexity neededto answeran

IRMA query, it will alsomostprobablyreducethe‘f alse-alarm’-rateof thesystem,improving its

precision.

According to the deliverableof the USINT working group of the EurIPACS AIM project

[Wendleretal., 1994], we definethreemajor classes:imagemodality (physical),anatomicre-

gion (anatomical)andimageorientation(technical). In a first step,we distinguishsix anatomic

regions: (1) abdomen,(2) limbs, (3) breast,(4) skull, (5) chestand(6) spine. Theseinstances

build subclassesresultingin hierarchicallystructuredIRMA-categories. While modernDICOM



imagingdevicesprovide informationrequiredfor imageclassification,automaticcontentbased

classificationis requiredfor fastarchiving of imagesaquiredby film-basedmodalitiessuchasra-

diographs.Oncetheclassof agivenimagehasbeendeterminedusingglobalfeatures,subsequent

IRMA processingstepscanusethis informationto extract problemspecificfeaturesneededto

answercomplex queries.As classificationis not necessarilyunique(a chestradiographmight be

labelled‘chest’ and‘spine’ at thesametime),we call this step‘categorization’within theIRMA

system.Thus,eachimagecanbelinkedto severalcategoriesandthelikelihoodfor eachof these

is alsostoredin theIRMA database.Therefore,classifiersusedfor categorizationshouldberather

sensitive thanspecific.

Beforediscussingimagecategorization,we will give a brief overview of the IRMA system

(seeFigure1, detailedinformationcanbefoundin [Lehmannet al.,2000]): After categorization,

the imageis registeredto a prototypewhich hasbeenpreviously definedby an expert or by a

statisticaldataanalysis[Dahmenetal., 2000, Dahmenetal., 1999]. In the following featureex-

tractionstepwe distinguishbetweensocalled‘category-free’ features(which aresuitablefor all

categories,i.e. a gradientimage)and ‘category-specific’features,(i.e. segmentationof the ribs

in a chestradiograph[Vogelsangetal., 1998]). In thefeatureselectionstep,appropriatefeatures

for a givenqueryarechosen.Onepossibility to do this is performinga lineardiscriminantanal-

ysis [Duda& Hart,1973, pp. 114-123],which proved to be very efficient in first experiments

[Dahmenetal., 1999]. In the indexing step,a compactrepresentationof the given queryimage

and the featuresextractedis created.Basedon eachsetof featureimages,the query imageis

segmentedinto relevant regions.Region representation(at multiple scales)will thenbedonevia

blobs[Carsonet al.,1997]. This hierarchicalmultiscaleapproachwill allow the userto retrieve

from entireimagesaswell asfrom regionsof interest.Theblob-identificationstepmight beuse-

ful for queriesconcerningdetailsdefinedwithin organsor otherobjectsin an image.In thefinal

retrieval step,thequeryis processedvia suitabledistancemeasuresdefinedon theentireimageor

onblob-level respectively.

3 ImageDatabase& FeatureAnalysis

The IRMA databasewe usefor our experimentsconsistsof 110 abdomen,706 limbs, 103

breast,110skull, 410chestand178spineradiographs,summingupto atotalof 1617images.The

datais secondarydigital, thatis it hasbeenscannedfrom conventionalfilm-basedradiographs.All

imageswerescannedusing256gray levels,with the imagesizesrangingfrom about
�����	�
�����

pixels (e.g.a radiographof a singlefinger) to
���������
�������

pixels (e.g.a chestradiograph).The

anonymizedimagesreflectthedistribution of imagesin theDepartmentof DiagnosticRadiology

andwerelabelledby an expert (seeFigure2). Although eachimageis labelledwith an 8-digit

IRMA category code,we only concentrateon the six anatomicregionsasdefinedin Section2.

Nevertheless,radiographclassificationis ahardproblem:



Figure2: Exampleradiographstakenfrom thedatabase,scaledto acommon,squaresize.Top-left

to bottom-right:abdomen,limbs,breast,skull, chestandspine.

On the onehand,the qualitiesof radiographsvary considerablyandthereis a greatwithin-

category variance(ascausedby differentdosesof X-rays,varyingorientations,imageswith and

without pathologies,changingscriborpositionetc.). On the otherhand,thereis a strongvisual

similarity betweenmany imagesof theclassesabdomenandspine(cp. Figure2). In our experi-

mentswemake useof appearancebasedpatternrecognition, thatis we interpreteachpixel of an

imageasa feature.This way, all theinformationcontainedin animageis usedfor classification.

Theonly preprocessingwe do is downscalingtheradiographsto � �
� � � pixels(notethatall im-

ages(andthustheaccordingfeaturevectors)mustbeof thesamesizeto allow for a meaningful

imagecomparison).Our experimentsshowed, that this stepspeedsup the systemsignificantly

withoutnotablyincreasingtheclassificationerrorrate(cp.Section7).

Although invariancesplay an importantrole for classifyingradiographs,we do not extract

invariantfeatures.Instead,we incorporatetheseinvariancesin theclassificationalgorithmitself.

This is doneby usingdistancemeasuresthatare- for instance- invariantto transformationslike

imagerotation,axisdeformations,scalingor varyingimagebrightness.In thefollowing, we will

denoteimagesof dimension� ��� by��������������� ���! #"%$&�('�"*)+)+)+" � and, �('�"*)+)+)+" � (1)

with � ��� beingthegrey level at pixel - $." ,0/ andwe will presentinvariantdistancemeasureswhich

will replacethe(squared)Euclideandistance1 - �2"%3 / �546�8793:4 � (2)

betweenthegivenimage� anda referenceimage3 .



Figure3: Exampleimagesgeneratedvia tangentapproximation.Original imageis at top-left.

4 Simard’s TangentDistance

In 1993,SIMARD et al. proposedan invariantdistancemeasurecalled‘tangentdistance’,which

provedto beespeciallyeffectivefor opticalcharacterrecognition.Theauthorspointedoutthatrea-

sonablysmall transformationsof certainobjects(like charactersor, asin this work, radiographs)

do not changetheir class.Simpledistancemeasureslike the Euclideandistancedo not account

for this, insteadthey areverysensitive to transformationslike scaling,translation,rotationor axis

deformations.Whena pattern� is transformed(e.g. scaled)with a transformation;*- �2"6< / which

dependsonaparameter< (e.g.thescalingfactor),thesetof all transformedpatterns=9> ��� ;*- �2"6< /:? <@�A� �B �CD� �FEHGJI (3)

spansa one-dimensionalcurve in the input space.If thereare K suchtransformationswith pa-

rameters<ML , =9> is a manifoldof at most K dimensions.Thedistancebetweentwo patternscan

now bedefinedastheminimum distancebetweentheir accordingmanifolds,beingtruly invari-

ant with respectto the transformations; � "*)+)+)+" ;ON . Unfortunately, computationof this distanceis

a hardoptimizationproblemandthe manifoldsneededhave no analyticexpressionin general.

Therefore,small transformationsof a pattern� canbe approximatedby a tangentsubspace P=9>
to themanifold

= >
at thepoint � . Thosetransformationscanbeobtainedby addingto � a linear

combinationof thevectorsQ L - � / thatspanthe tangentsubspace.Thus,themanifold
=9>

canbe

first-orderapproximatedby:

P=9> �����SR NT LVU � <WLJX Q L - � /9?&Y<@�A� � N  �CD� � EHGJI (4)

with Y< beingthe vector-notationof the <ML . Now, the single-sidedtangentdistance
1[Z - �2"%3 / is

definedas 1[Z - �M"%3 / � min\] �J46�SR NT LVU � <WLJX Q L - � / 7
3:4 �  (5)

Theso-calledtangentvectorsQ L - � / canbecomputedusingsimplefinite differencesbetweenthe

original image � anda reasonablysmall transformationof � [Simardetal., 1993]. Exampleim-

agesthat were computedusing (4) are shown in Figure 3 (we chosedigits there,as they are



especiallysuitedto demonstratethe effects of tangentapproximation). One can also definea

double-sidedtangentdistance,but thisdramaticallyincreasesthecomputationalcomplexity with-

out yielding a significantimprovement[Simardetal., 1993]. In our experiments,we computed

thetangentvectorsfor translations(2), rotation,scalingandaxisdeformations(2) asproposedby

Simard,but replacedthe tangentvectorfor ‘line thickness’by a ‘brightness’tangentvector. All

elementsof this vectorweresetto a constantvalueto modelvaryingimagebrightness,ascaused

by differentdosesof X-rays. Theseseven tangentvectorswereusedin a kerneldensitybased

classifier[Duda& Hart,1973, pp. 61-62]for radiographclassification.Conceptionally, thesingle

sidedtangentdistanceis computedasfollows:

1) computetangentvectorsfor theobservation �
2) computeanorthonormalbasisfor thetangentsubspace(usinga singularvaluedecomposi-

tion [Presset al., 1992, pp. 59-67]).

3) computetheprojection P3 - � / of a referenceimage3 into thetangentsubspaceof theobser-

vation �
4) compute

1 Z - �M"%3 / � 1 - P3 - � / "%3 /
Notethatsteps' / and

� / canbecomputedin advance,only steps�#/ and ^0/ have to bedonewhile

classifying.Giventhat thetangentvectorsareorthogonal,this canbedoneefficiently in a single

stepby computing

1 Z - �2"%3 / �546�
793:4 � 7 NT LVU � _ - �8793 /a` X Q L - � /cb �4 Q L - � / 4 � (6)

Thetangentdistanceis a very effective meansto compensatesmallglobal transformationsof an

image. In the following we will proposea simple,yet very effective imagedistortionmodelfor

local variations.We will show thatbothapproacheswork very well, but that thebestresultsare

obtainedby combiningboth.

5 The ImageDistortion Model

Thelastconceptionalstepin thecomputationof thetangentdistancestill requiresthecalculation

of the(squared)Euclideandistancebetweenanimage 3 andits projection P3 - � / into the tangent

subspaceof a secondimage� . Althoughsmallglobaltransformationshave beencompensatedby

the projectionstep,this distanceis still highly sensitive to local transformationsof the images,

e.g.causedby noise(which is typical for radiographs).Wethereforeproposethefollowing image

distortionmodel:
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Figure4: One-dimensionalexampleof thedistortionmodelwith r=1.

Whencalculatingthedistancebetweentwo images� and 3 we allow for local deformations,

i.e. we do not computethesquarederrorbetweena pixel - $6" ,0/ in � andits counterpartin 3 , but

look for the‘best-fitting’ pixel in 3 within acertainneighbourhoodd ��� (seeFigure4):

1fe �hg ` - �2"%3 / � ET � U � IT� U � mini �kjml �6jonqp�rts u 46� ��� 7v3 � j � j 4 � (7)

for imageswith dimension� �w� . We typically chosed ��� to be square.Obviously, this unre-

stricteddistortionapproachcanmodelwantedaswell asunwanted(i.e.meaningless)transforma-

tions.Nevertheless,anappropriatechoiceof d �x� leadsto asignificantimprovementof radiograph

classification.

5.1 An extendedDistortion Model

FromEq. -zy�/ it becomesevidentthatwith increasingneighbourhoodd ��� thetransformationsreal-

izedby thedistortionmodelviolatetheassumptionthattheclass-membershipof theoriginal input

imageequalsthatof thetransformedinput image.In fact,thedistortiondistancebetweenalmost

any two imagescanbe reducedto a valuenearzeroby increasingd ��� , leadingto a significant

increasein classificationerror. To compensatefor this,we introducea costfunction {
- $6"%$z|q" , " , | / ,
whichmodelsthecostsfor deformingapixel � ��� in theinput imageto apixel 3 �kj �.j in thereference

image:

1fe �hg ` - �2"%3 / � ET � U � IT� U � mini �kjml �6jonqp�rts u �J46� ��� 7v3 �kj �.j 4 � R {
- $6"%$ | " , " , | /  (8)



Weproposetwo methodsto estimate{S- $6"%$ | " , " , | / :� choose{
- $6"%$z|q" , " , | / empirically, e.g.byusingaweightedEuclideandistancebetweenpixels- $6" ,}/ and - $ | " , | / . This way, small local transformationsarepreferredto (mostprobably

unwanted)long-rangepixel transformations.� learn {S- $."%$z|q" , " , | / by using training samplesanda maximum-likelihood approach.That

is, do meaningfultransformationsin training andchoose{
- $6"%$ | " , " , | / using relative fre-

quenciesof possibletransformations.The moreoften a transformationwasperformedin

training,thelower its cost.

6 Classification

For classification,we usethe distancemeasuresdescribedabove in a kerneldensitybasedclas-

sifier (KD) andcomparetheobtainedresultswith thatof a simple1-nearestneighbourclassifier

(1-NN). As thereareonly 1617imagesavailablesofar, splittingthedatainto a trainingandatest-

ing setis notadvisable.To obtainmeaningfulresults,we thereforemake useof a leaving-one-out

approach.Givenanimage� to classify, weuseall theremainingimagesasreferencepatternsand

computetheclassconditionalprobability ~W- ��� � / for theimage� givenclass� asfollows:

~W- �&� � / � '��� ���T� U � '� � l � exp � 7
� - �M"%� � � /� � � X���� (9)

with
� �

beingthe numberof referenceimagesof class � , � � � beingthe � -th referencepattern

of class� , classspecificstandarddeviation � � � and � - �2"%� � � / beingoneof theproposeddistance

measures.Tocompensatefor thefactthatvariancesareusuallyunderestimatedif only few training

samplesareavailable,wemultiply theestimatedvarianceswith a factor ����' . Strictly speaking,

thenormalizationfactor
� � l � dependson theclass� , however, thedependency is weakandthere-

fore neglectedin our experiments.Classificationis thendoneusingthe Bayesiandecisionrule

[Duda& Hart,1973, pp. 10-39],i.e.by computing:

�A�7t��� - � / � argmax� � ~W- � /�~W- �&� � /  (10)

Modellingtheprior probabilities~W- � / by usingrelative frequenciesandneglectingthenormal-

izationfactor, weobtain

���7t��� - � / � argmax� � �[�� '� � ���T� U � exp � 7
� - �2"%� � � /� � � X*� ��� (11)



Table1: Leaving-one-outerrorratesfor varyingdistancemeasureswithout tresholding

DistanceMeasure ErrorRate[%]

1-NearestNeighbour KernelDensities

EuclideanDistance 18.1 16.4

TangentDistance 15.3 14.8

DistortionModel 16.5 14.7

DistortedTangentDistance 14.2 12.5

where
�

is thetotal numberof referenceimages.As theterm - '�� � / doesnot dependon � , it

canbeneglectedin themaximizationstep.Thus,wefinally obtain:

���7���� - � / � argmax� � � �T� U � exp � 7
� - �2"%� � � /� � � X*����� (12)

In a laststep.wecomputeposteriorprobabilities~W- �#� � / for eachclass� giventheimage� by

computing: ~&- ��� � / � ~W- � / X ~W- ��� � / @¡� j U � ~W- � | / X ~W- ��� � | / (13)

with { beingthe numberof classes.We cannow sort the possibleimageclassesfor � by de-

creasingprobability andobtaina classranking list. In the experiments,besidesmeasuringthe

classificationerrorrate,wealsocomputethe‘ranking’ of animage.If thecorrectclasshasrank1,

theimagewasclassifiedcorrectly. If this is notthecase,westill distinguishbetweenarank2 error

and- for instance- a rank6 error(beingtheworstcase).To reducethecomputationalcomplexity

of the following IRMA processingsteps,themeanrankingover all imagesshouldbecloseto 1,

asin thiscasethenumberof hypothesesexpandedby theIRMA systemcanbereduced.

7 Results

For ourexperiments,wescaleddown theradiographsto astandardsizeof � �¢� � � pixels.Thiscan

bedonewithoutasignificantchangein classificationerrorrate,but leadsto aconsiderablesystem

speedup.Computinga simple1-NN (performingthe leaving-one-outapproachasdescribedin

Section6) on theradiographswith asizeof � ���B� � ��� pixelsgivesaclassificationerrorof 18.0%,

requiringabout30 CPUsecondson a 500MHzDigital ALPHA CPUto classifya singleimage.

Downscalingtheimagesto theproposedsizeof � �:� � � pixels,weobtainedanerrorrateof '�£})h'�¤
(with anaverageimagerankingof '�) � � ), requiringabout

� ) ^ CPUseconds.



Table2: Leaving-one-outerrorratesfor varyingdistancemeasureswith tresholding(S=3500)

DistanceMeasure ErrorRate[%]

1-NearestNeighbour KernelDensities

EuclideanDistance 14.8 14.2

TangentDistance 13.7 12.9

DistortionModel 14.5 13.2

DistortedTangentDistance 10.6 10.3

Having chosentheimagesize,we usedthesingle-sidedtangentdistancefor radiographclas-

sification. As canbe seenin Table1, this reducesthe KD error ratefrom '�¥}) ^ ¤ to ' ^ )¦£#¤ . We

thenstartedexperimentswith the imagedistortionmodel,using {S- $."%$z|§" , " , | / � �
. Surprisingly,

with anerror rateof ' ^ ) y ¤ the resultof this simpledistortionmodelis evenslightly betterthan

that obtainedby usingtangentdistance.In anotherexperimentwe tried to find out whetherthe

gainsof bothapproachesareadditive. Indeed,combiningbothdistancemeasures(i.e. computing1fe �hg ` - P3 - � / "%3 / in step4) of tangentdistanceinsteadof
1 - P3 - � / "%3 / ) reducedtheerror ratefrom' ^ )¦£#¤ to ' � )¦¨#¤ (‘distortedtangentdistance’).Figure5 shows the achieved error rateswith re-

spectto thesizeof asquareneighbourhoodd of dimension- � �FRD' / � - � �©Rª' / . Thebestresult

of ' � )¦¨#¤ wasobtainedusing ��� � ) y (usinglinearinterpolationbetweenpixels).

In anotherexperimentwe restrictedthe maximumlocal distancebetweentwo imagepixels

by a treshold« . Note that themaximumcontribution of a pixel to any of theproposeddistance

measuresis
� ¨�¨¬X � ¨�¨S�­¥�¨}) �#� ¨ , astheradiographsare256-grayscaleimages.Thus,asinglepixel

mayhaveasignificantcontribution to thetotaldistance,sothatafew distortedpixels(ascausedby

noiseor changingscriborposition)canleadto amisclassification.By restrictingthiscontribution

to a maximumvalue « (‘local tresholding’)we cancompensatefor this effect. Again, this very

simplemethodyieldsa significantimprovementin classificationerror rate,namelyanerror rate

of ' � ) � ¤ (seeTable2), with anaverageimagerankingof '�)h'�£ .
Analysing the remainingerrorswe found out that many misclassificationscould be easily

avoidedby takinginto considerationtheoriginal imageaspectratios(by downscalingtheimages

to a standardsizewe losethis information).To compensatefor this we introducedanaspectratio

penaltyterm,basedon the differencein aspectratio betweenthe given imageandthe reference

image. This penaltyterm reducedthe classificationerror from ' � ) � ¤ to £})¦®#¤ . We thenchose{S- $6"%$ | " , " , | / to beaweightedEuclideandistancebetweenpixels(seeSection5.1),furtherreducing

theerrorratefrom £})¦®#¤ to £})¦¥#¤ with ranking '�)h' y (with theclass-specificerrorratesrangingfrom

27.3%for abdomento 3.4%for chest).Notethattheerrorratedropsto lessthan
� ¤ if weconsider

the top threeclasses,i.e. thethreeclasseswith highestprobabilities.Thus,despitetheerror rate

of £})¦¥#¤ , theproposedalgorithmsarealreadysuitablefor usewithin theIRMA-system.
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In a final experiment,we analysedthe differentdistancemeasureswe discussedabove with

respectto their invarianceproperties,given a transformation; . In our experiments,we chose;
to bea translationandcalculatedthedistancebetweena shiftedversionof a radiographandthe

original imageaswell asthedistanceto radiographsfrom competingclasses.As we canseein

Figure6, theEuclideandistanceis highly sensitive to imagetranslations.On theotherhand,the

tangentdistance(Figure7) cannearlycompensate1 pixel shiftsandyieldssmalldistancesup to

2-3 pixelsshifts. As expected,thedistortionmodelwith �	�°' (asshown in Figure8) canfully

compensate1 pixel shifts, yet with d increasing,the distancesto competingclassesget smaller

rapidly (seeFigures8 and9). Thus,largeneighbourhoodsmayleadto badclassificationresults.

7.1 On CooccurrenceMatrices

Theuseof cooccurrencematrices[Haralicket al.,1973] is oftenconsideredto behelpful for con-

tentbasedmedicalimageretrieval. However, ourexperimentson radiographclassificationdonot

supportthis thesis.In two experiments,weusedglobalcooccurrencematricesfor featureanalysis

within a synergetic classifier[Haken,1991] andwithin a kerneldensitybasedclassifier. In both

cases,we werenot ableto obtainclassificationerror ratesbelow 29%. Apparently, coccurrence

matricesdo not provide discriminative featuresfor radiographclassification.Neverthelessthey

mightstill beusefulfor thefollowing IRMA processingsteps,e.g.to detecttumorswithin a (pre-

viously categorized)radiograph. In this case,cooccurrencematriceswould be computedfrom

smallpartsof theimage,not from thecompleteimage[Vogelsanget al., 1997].
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Figure6: Behaviour of Euclideandistancewith respectto imageshifts
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Figure7: Behaviour of tangentdistancewith respectto imageshifts
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with ��� �
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8 Conclusions

In this paperwe presentedour approachto classifyingradiographswithin theIRMA system.We

proposedanew imagedistortionmodelandproveditsefficiency byapplyingit to1617radiographs

comingfrom daily routine.Althoughthedistortionmodelaloneis veryeffective,weshowedthat

it canbe usedto improve Simard’s tangentdistancein this application. The bestclassification

errorof £})¦¥#¤ wasachievedby computingthis ‘distortedtangentdistance’,whichmeansarelative

improvementof ¨ � ¤ with respectto theEuclideandistancenearestneighbourerrorrateof '�£})h'�¤ .

Wearecurrentlyworkingontheimprovementof our imagedistortionmodel.Thiscanbedoneby

abetterchoiceof thecostfunction {S- $6"%$ | " , " , | / , e.g.by learningit from thetrainingdata.Wewill

furthermoreuseadditionalconstraintsto restrictpossibleimagedistortionsto ‘meaningful’ones.
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