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Abstract

In this paperwe presenta new approachto classifyingradiographswhich is the first importanttask of
the IRMA system. Given animage,we computeposteriorprobabilitiesfor eachimageclass,asthis in-
formationis neededor furtherIRMA processing Classificatioris doneby usingan extendedversionof
Simards tangentdistancewithin a kerneldensitybasedclassifier We proposea new distortionmodelfor
radiographsndproveits effectivenesdy applyingthemethodto 161 7radiographg€omingfrom daily rou-
tine. Althoughthe distortionmodelaloneyields very goodresults the bestrecognitionratesare obtained

by combiningit with tangendistancej.e. by computinga ‘distortedtangentistance’.

1 Intr oduction

The importanceof digital imageretrieval techniguesncreasesn the emeging fields of medi-
calimagingandpicturearchiving andcommunicatiorsystemgPACS). Up to now, textual index
entriesare mandatoryto retrieve medicalimagesfrom a hospitalarchive, evenif the archive is
DICOM-compliant(Digital Imagingand Communicationsn Medicine[Lou etal.,1997). Cur
rently, alot of researchs donein thefield of imageretrieval, but the majority of todays systems
areintendedfor browsing variggatedimagedatabases.g.for imagescollectedfrom the World
Wide Weh Usually thefeaturesusedfor indexing characterizéheentireimageratherthanimage
regionsor objectsandFALoOUTSOS [Faloutsosetal., 1994 pointedoutthatoneof the mosteffec-
tive featuresf suchsystemss color. Unfortunatelyit is quite obviousthatusingcolorbasedea-
turesdoesnotseenmpromisingfor mostmedicalimageretrieval systemsSincethen,somepromis-
ing approacheso the retrieval problemwerereported,amongthem[Schmid& Mohr, 1997 or
[Ravela& Manmatha 199§, but theirapplicabilityto medicalimageretrieval is still to be shavn.



Furthermoregueriesof diagnostiaelevanceincludesearchindgor organs.their relative loca-
tions and otherdistinct featureslike morphologicalappearancesTherefore,commonretrieval
systemscannotguaranteea meaningfulquery completionwhen usedwithin medical context
[Lehmannetal., 200d. In contrastothis,thelRMA system ajoint projectbetweerthreeRWTH
Aachen- University of Technologyinstitutesand Philips Medical Systems is beingdeveloped
for usein daily clinical routine. This paperdealswith thefirstimportantstepwithin IRMA image
processingnamelyimageclassification.In the next Section,we will briefly explain the general
IRMA architecturemotivating the needfor imageclassification After describingthe radiograph
databas@ndthefeatureanalysisin Section3, we will give anoverview of Simards tangentdis-
tance[Simardetal., 1993, which we usein our classifier The imagedistortion model, which
- despiteits simplicity - provedto be very effective in our experimentgespeciallyin conjunction
with tangentdistance)js proposedn Section5. After that, we describeour kerneldensitybased
classifierwithin which we usethe describedlistancemeasuresBeforedraving conclusionsand
giving anoutlookto futurework, we discussour resultsin Section?.

2 The IRMA-System: An Overview

Fromthe medicalpoint of view thereexist threemajor applicationsfor automatedatontentbased
imageretrieval [Lehmannetal., 200Q :

(1) automaticaetrieval of relevantimagedor follow-up studieswithin a PACS,
(2) searchindor representate imagesof known diseasesand

(3) scientificandeducationastudieson X-ray patterns.

In contrastto commonapproacheso imageretrieval, the IRMA conceptis basedon a strict
logical andalgorithmicseparatiorof thefollowing stepsto enablecomplex imagecontentunder
standing:

e image-catgorization(basedn globalfeatures)
e image-rgistration(in geometryandcontrast)

o featureextraction(basedn localfeatures)

o featureselection(cateyory andquerydependent)
e indexing (multiscaleblob-representatign

¢ identification(incorporatea-prioriknowledge)

o retrieval (onblob-level)
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To enablecomplex queriesfor medicalpurposethe informationretrieval systemmustbe fa-
miliar with the classof a givenimageprior to query processingasthis informationis of great
interestfor the following IRMA steps. For example,searchinga pulmonaltumorin a skull ra-
diographis senselesgas- by definition- a pulmonaltumoris alwayslocatedin the lungs),and
ultrasoundmagesneeddifferentprocessinghanradiographgasthe characteristicef an ultra-
soundmagegreatlydiffer fromthoseof aradiograph).Thus,if aradiologistis searchingheimage
databaséor all radiographshaving a pulmonaltumor, the IRMA systemonly processesadio-
graphswhichareclassifiedas’chest’ (or have aposteriomprobabilityfor ‘chest’ thatis higherthan
a userdefinedtreshold). On all picturesfulfilling this constraintsthe (probablycomputational
moreexpensie) searctfor tumorsis done for instanceoy usinglocaltexturalfeaturesasproposed
in [Vogelsangetal., 1997 or statisticalklassifierssuchasproposedn [Dahmenetal.,2004. The
catgyorizationstepthereforenot only reduceghe computationatomplity neededo answeran
IRMA query it will alsomostprobablyreducethe ‘false-alarm’-rat@f the systemjmproving its
precision.

According to the deliverableof the USINT working group of the EurlPACS AIM project
[Wendleretal., 1994, we definethree major classes:image modality (physical),anatomicre-
gion (anatomicallandimageorientation(technical). In a first step,we distinguishsix anatomic
regions: (1) abdomen(2) limbs, (3) breast,(4) skull, (5) chestand (6) spine. Theseinstances
build subclassegesultingin hierarchicallystructuredRMA-categories. While modernDICOM



imagingdevices provide informationrequiredfor imageclassification automaticcontentbased
classificatioris requiredfor fastarchving of imagesaquiredby film-basedmodalitiessuchasra-
diographs Oncetheclassof a givenimagehasbeendeterminedisingglobalfeaturessubsequent
IRMA processingstepscan usethis informationto extract problemspecificfeaturesneededo
answercomple queries.As classificatioris not necessarilyinique(a chestradiographmight be
labelled‘chest’ and‘spine’ atthe sametime), we call this step‘categorization’ within the IRMA
system.Thus,eachimagecanbelinked to several cateyoriesandthelikelihoodfor eachof these
is alsostoredin theIRMA databaseThereforeclassifieraisedfor cateyorizationshouldberather
sensitve thanspecific.

Before discussingmage cateyorization,we will give a brief overvienv of the IRMA system
(seeFigurel, detailedinformationcanbefoundin [Lehmannetal., 200Q): After cateyorization,
the imageis registeredto a prototypewhich hasbeenpreviously definedby an expertor by a
statisticaldataanalysisiDahmenetal., 200Q Dahmernretal., 1999. In the following featureex-
tractionstepwe distinguishbetweenso called‘category-free’ featuregwhich aresuitablefor all
catgyories,i.e. a gradientimage)and ‘category-specific'features(i.e. sggmentationof the ribs
in a chestradiograpiVogelsangetal., 1998). In the featureselectionstep,appropriatdeatures
for a givenqueryarechosen.Onepossibilityto do thisis performinga linear discriminantanal-
ysis [Duda& Hart,1973 pp. 114-123],which proved to be very efficient in first experiments
[Dahmenetal.,1999. In theindexing step,a compactrepresentationf the given queryimage
andthe featuresextractedis created. Basedon eachsetof featureimages,the queryimageis
sgmentednto relevantregions. Region representatiofat multiple scaleswill thenbe donevia
blobs[Carsonetal.,1997. This hierarchicaimultiscaleapproachwill allow the userto retrieve
from entireimagesaswell asfrom regionsof interest.The blob-identificatiornstepmight be use-
ful for queriesconcerningdetailsdefinedwithin organsor otherobjectsin animage. In thefinal
retrieval step,thequeryis processedia suitabledistancemeasureslefinedon theentireimageor
on blob-level respectiely.

3 ImageDatabase& Feature Analysis

The IRMA databaseave usefor our experimentsconsistsof 110 abdomen,706 limbs, 103
breast,110skull, 410chestand178spineradiographssummingupto atotal of 1617images.The
datais secondaryligital, thatis it hasbeenscannedrom corventionalfiim-basedadiographsAll
imageswerescannedising256 gray levels, with the imagesizesrangingfrom about200 x 200
pixels (e.g.aradiographof a singlefinger)to 2000 x 2000 pixels (e.g.a chestradiograph).The
anorymizedimagesreflectthe distribution of imagesin the Departmenbf DiagnosticRadiology
andwerelabelledby an expert (seeFigure2). Although eachimageis labelledwith an 8-digit
IRMA cateyory code,we only concentraten the six anatomicregionsasdefinedin Section2.
Neverthelesstadiograplclassificatioris a hardproblem:



Figure2: Exampleradiographsakenfrom thedatabasescaledo acommon squaresize. Top-left
to bottom-right:abdomenlimbs, breastskull, chestandspine.

On the one hand,the qualitiesof radiographssary considerablyandthereis a greatwithin-
catgyory variance(ascausedy differentdosesof X-rays, varying orientationsjmageswith and
without pathologieschangingscribor positionetc.). On the otherhand,thereis a strongvisual
similarity betweenmary imagesof the classesabdomerandspine(cp. Figure?2). In our experi-
mentswe male useof appeaancebasedpatternrecanition, thatis we interpreteachpixel of an
imageasafeature.This way, all theinformationcontainedn animageis usedfor classification.
Theonly preprocessingve do is dowvnscalingtheradiographgo 32 x 32 pixels (notethatall im-
ages(andthusthe accordingfeaturevectors)mustbe of the samesizeto allow for a meaningful
imagecomparison).Our experimentsshaved, that this stepspeedsaup the systemsignificantly
without notablyincreasinghe classificatiorerrorrate(cp. Section?).

Although invariancesplay an importantrole for classifyingradiographswe do not extract
invariantfeatures.Instead we incorporateheseinvariancesn the classificatioralgorithmitself.
This is doneby usingdistancemeasureshatare- for instance- invariantto transformationdike
imagerotation,axis deformationsscalingor varyingimagebrightnessin thefollowing, we will
denoteémagesof dimensionl x J by

r={z;; e Rt},i=1,.,Tandj=1,..,J (1)

with z;; beingthegrey level at pixel (i, j) andwe will preseninvariantdistancemeasuresvhich
will replacethe (squaredEuclideandistance

D(z, ) = ||z — pl|® )

betweerthegivenimagez andareferencémage.
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Figure3: Exampleimagesgeneratedia tangentapproximation Originalimageis attop-left.

4 Simard’s TangentDistance

In 1993,SIMARD etal. proposedaninvariantdistancemeasurecalled ‘tangentdistance’ which
provedto beespeciallyeffective for opticalcharacterecognition.Theauthorgointedoutthatrea-
sonablysmalltransformation®f certainobjects(like character®r, asin this work, radiographs)
do not changetheir class. Simple distancemeasuresik e the Euclideandistancedo not account
for this,insteadthey arevery sensitve to transformation$ik e scaling translationyotationor axis
deformations Whena patternz is transformede.g. scaledwith atransformatiort(x, «) which
depend®naparametet: (e.g.thescalingfactor),thesetof all transformedatterns

M, = {t(z,a) : « € R} ¢ R™*/ (3)

spansa one-dimensionaturwe in the input space.If thereare L suchtransformationsvith pa-
rametersy;, M, is a manifold of at most . dimensions.The distancebetweenwo patternscan
now be definedasthe minimum distancebetweentheir accordingmanifolds,beingtruly invari-
antwith respecto the transformationss, ..., t;,. Unfortunately computationof this distanceis
a hard optimizationproblemand the manifoldsneededhave no analytic expressionin general.
Therefore smalltransformation®f a patternz canbe approximatedy a tangentsubspace\,
to themanifold M,, atthe pointz. Thosetransformationganbe obtainedby addingto = alinear
combinationof the vectorsT;(x) thatspanthe tangentsubspaceThus,the manifold M, canbe
first-orderapproximatedy:

L
M,={z+> aT(z) :a € R¥} c R/ (4)
=1

with @ beingthe vectornotationof the ;. Now, the single-sidedangentdistanceDr(z, ) is
definedas
— mi 3 . — ull? 5)
Dr(x, p) = min{f|z + l;az Ti(z) — pl"} (
The so-calledtangentvectorsT;(z) canbe computedusingsimplefinite differencedetweerthe
original imagez anda reasonablysmalltransformatiorof z [Simardetal.,1993. Exampleim-
agesthat were computedusing (4) are shavn in Figure 3 (we chosedigits there,as they are



especiallysuitedto demonstratehe effects of tangentapproximation). One can also definea
double-sidedangentistancebut this dramaticallyincreaseshe computationatompleity with-
out yielding a significantimprovement[Simardetal., 1993. In our experimentswe computed
thetangentvectorsfor translationg2), rotation,scalingandaxis deformationg2) asproposedy
Simard,but replacedthe tangentvectorfor ‘line thickness’by a ‘brightness’tangentvector All
elementf this vectorweresetto a constantwvalueto modelvaryingimagebrightnessascaused
by differentdosesof X-rays. Theseseren tangentvectorswere usedin a kerneldensitybased
classifiefDuda& Hart, 1973 pp. 61-62]for radiograptclassification Conceptionallythesingle
sidedtangentdistancdas computedasfollows:

1) computetangentvectorsfor theobserationz

2) computeanorthonormabasisfor thetangentsubspacéusinga singularvaluedecomposi-
tion [Pressetal., 1992 pp. 59-67]).

3) computethe projectionji(z) of areferencéemagey into thetangentsubspacef the obser
vationz

4) CompUteDT(xaﬂ’) = D(ﬂ(x)a :u')

Notethatstepsl) and2) canbecomputedn adwance only steps3) and4) have to be donewhile
classifying. Giventhatthe tangentvectorsare orthogonalthis canbe doneefficiently in a single
stepby computing

L z— )t Ti(x)]?
Do) = llo - — 32 = ) o

=1

Thetangentdistanceis a very effective meango compensatemall globaltransformation®f an
image. In the following we will proposea simple,yet very effective imagedistortionmodelfor
local variations.We will shaw thatboth approachesvork very well, but thatthe bestresultsare
obtainedoy combiningboth.

5 TheImage Distortion Model

Thelastconceptionastepin the computatiorof the tangentdistancestill requiresthe calculation
of the (squaredEuclideandistancebetweeranimageyu andits projectionj(x) into the tangent
subspacef a secondmagez. Althoughsmallglobaltransformationfiave beencompensatetly

the projectionstep, this distanceis still highly sensitve to local transformation®f the images,
e.g.causedy noise(whichis typicalfor radiographs)We thereforeproposehefollowing image
distortionmodel:



Figure4: One-dimensionadxampleof thedistortionmodelwith r=1.

Whencalculatingthe distancebetweenwo imagesr andy we allow for local deformations,
i.e. we do not computethe squarecerror betweena pixel (i, ) in 2 andits counterpartn p, but
look for the ‘best-fitting’ pixel in 1 within acertainneighbourhood?;; (seeFigure4):

I
Dyist(z,p) = D% min |z — pirye|? (7
i1 j=1 ("€ R

for imageswith dimensionI x J. We typically choseR;; to be square.Obviously, this unre-
stricteddistortionapproactcanmodelwantedaswell asunwanted(i.e. meaninglessfransforma-
tions. Neverthelessanappropriatehoiceof R;; leadsto asignificantimprovementof radiograph
classification.

5.1 An extendedDistortion Model

FromEq.(7) it becomegvidentthatwith increasingneighbourhoodz;; thetransformationseal-
izedby thedistortionmodelviolatetheassumptiorthattheclass-membershigf the originalinput
imageequalsthat of thetransformednputimage.In fact, the distortiondistancebetweeralmost
ary two imagescan be reducecto a value nearzeroby increasingR;;, leadingto a significant
increasen classificatiorerror To compensatéor this, we introducea costfunctionC(3,#, 4, '),
whichmodelsthe costsfor deforminga pixel z;; in theinputimageto a pixel 44, in thereference
image:

I
Dyist(z,p) =% min {||zij — paryel|* + C(0, 7', §, 5')} (8)

=1 j=1 (@0")ERij



We proposeéwo methodgo estimateC (i, ', 7, j'):

e chooseC(i,%', 4, j') empirically e.g.by usingaweightedEuclideardistancebetweemixels
(i,7) and (7', '). This way, smalllocal transformationsare preferredto (mostprobably
unwanted)long-rangepixel transformations.

e learnC(i,4', 7,7") by usingtraining samplesand a maximume-likelihood approach. That
is, do meaningfultransformationsn training and chooseC'(3, 4, 7, ') usingrelatve fre-
quencieof possibletransformations.The more often a transformatiorwas performedin
training,thelower its cost.

6 Classification

For classificationwe usethe distancemeasureslescribedabore in a kerneldensitybasedclas-
sifier (KD) andcomparethe obtainedresultswith thatof a simple 1-nearesheighbourclassifier
(1-NN). As thereareonly 1617imagesavailablesofar, splittingthe datainto atrainingandatest-
ing setis notadvisable To obtainmeaningfulresults we thereforemale useof aleaving-one-out
approachGivenanimagez to classify we useall theremainingimagesasreferencgpatternsand
computethe classconditionalprobabilityp(z|c) for theimagez givenclassc asfollows:

Je T, Inc
pale) = 33 5o~ ©

with N, beingthe numberof referencamagesof classc, z,. beingthe n-th referencepattern
of classe, classspecificstandardieviation o.? andd(z, z,.) beingoneof the proposedlistance
measuresTo compensatér thefactthatvariancesreusuallyunderestimatei only few training
samplesareavailable,we multiply the estimated/arianceswith afactory > 1. Strictly speaking,
thenormalizatiorfactor A, , depend®ntheclassc, however, the dependencis weakandthere-
fore ngglectedin our experiments. Classificationis thendoneusingthe Bayesiandecisionrule
[Duda& Hart, 1973 pp. 10-39],i.e. by computing:

5 — 1(a) = agmax{p(c) p(zc)) (10)

Modellingtheprior probabilitiesp(c) by usingrelative frequenciesndneglectingthenormal-
izationfactor we obtain

Ne
T r(z) = argznax{%Ni > exp (—M) } (11)

¢ n=1 Ge™



Tablel: Leaving-one-outerrorratesfor varyingdistancaneasuresvithout tresholding

DistanceMeasure Error Rate[%]
1-NearesiNeighbour| KernelDensities
EuclideanDistance 18.1 16.4
TangentDistance 15.3 14.8
DistortionModel 16.5 14.7
DistortedTangenDistance 14.2 125

whereN is thetotal numberof referencéemages.As theterm (1/N) doesnotdependne, it
canbengylectedin the maximizationstep.Thus,we finally obtain:

Ne d(z, Tpe)
z — r(z) = agmax{ »  exp (—’27"0> (12)
¢ n=1 g™
In alaststep.we computeposteriomrobabilitiesp(c|z) for eachclasse giventheimagez by
computing:
_ (9 plafe)
Yoo1p(¢) - pla|d)

p(clz) (13)
with C beingthe numberof classes.We cannow sortthe possibleimageclassedor = by de-
creasingprobability and obtaina classrankinglist. In the experiments besidesmeasuringhe
classificatiorerrorrate,we alsocomputethe‘ranking’ of animage.If thecorrectclasshasrank1,
theimagewasclassifieccorrectly If thisis notthecasewe still distinguishbetweerarank?2 error
and- for instance arank®6 error(beingtheworstcase).To reducethe computationatompleity
of the following IRMA processingteps the meanrankingover all imagesshouldbe closeto 1,
asin this casethe numberof hypothesesxpandedy theIRMA systemcanbereduced.

7 Results

For ourexperimentsyve scaleddown theradiographso astandaraizeof 32 x 32 pixels. Thiscan
bedonewithoutasignificantchangean classificatiorerrorrate,but leadsto aconsiderablsystem
speedup.Computinga simple 1-NN (performingthe leaving-one-ouapproachas describedn
Section6) ontheradiographsvith asizeof 320 x 320 pixelsgivesa classificatiorerrorof 18.0%,
requiringabout30 CPU second®n a 500MHz Digital ALPHA CPUto classifya singleimage.
Downscalingtheimagedo theproposeaizeof 32 x 32 pixels,we obtainedanerrorrateof 18.1%
(with anaverageimagerankingof 1.30), requiringabout0.4 CPUseconds.



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

DistanceMeasure Error Rate[%]
1-NearesiNeighbour| KernelDensities
EuclideanDistance 14.8 14.2
TangenDistance 13.7 12.9
DistortionModel 145 13.2
DistortedTangentDistance 10.6 10.3

Having chosertheimagesize,we usedthe single-sidedangentdistancefor radiograpiclas-
sification. As canbe seenin Table1, this reduceghe KD errorratefrom 16.4% to 14.8%. We
thenstartedexperimentswith the imagedistortionmodel,usingC(i, %', j, 7') = 0. Surprisingly
with anerrorrateof 14.7% the resultof this simpledistortionmodelis evenslightly betterthan
that obtainedby usingtangentdistance.In anotherexperimentwe tried to find out whetherthe
gainsof bothapproacheareadditive. Indeed,combiningbothdistancemeasuresi.e. computing
Dyist(fu(z), 1) in step4) of tangentdistanceinsteadof D(ji(z), 1)) reducedhe errorratefrom
14.8% to 12.5% (‘distortedtangentdistance’). Figure5 shavs the achieved error rateswith re-
spectto thesizeof asquareneighbourhood? of dimension(2r + 1) x (2r + 1). Thebestresult
of 12.5% wasobtainedusingr = 0.7 (usinglinearinterpolationbetweerpixels).

In anotherexperimentwe restrictedthe maximumlocal distancebetweentwo imagepixels
by atresholdS. Notethatthe maximumcontrilution of a pixel to ary of the proposedlistance
measuress 255 - 255 = 65.025, astheradiographsre256-grayscalamages.Thus,a singlepixel
mayhave asignificantcontritution to thetotal distancesothatafew distortedpixels(ascausedy
noiseor changingscriborposition)canleadto a misclassificationBy restrictingthis contritution
to amaximumvalue S (‘local tresholding’)we cancompensatéor this effect. Again, this very
simplemethodyields a significantimprovementin classificatiorerror rate,namelyan errorrate
of 10.3% (se€Table2), with anaverageimagerankingof 1.18.

Analysing the remainingerrorswe found out that mary misclassificationzould be easily
avoidedby takinginto consideratiorthe original imageaspectatios(by dowvnscalingtheimages
to astandardsizewe losethis information). To compensatéor this we introducedanaspectatio
penaltyterm, basedon the differencein aspectatio betweenthe givenimageandthereference
image. This penaltyterm reducedthe classificationerror from 10.3% to 8.9%. We thenchose
C(i,7,7,j") tobeaweightedEuclideardistanceébetweerpixels(seeSectiorb. 1), furtherreducing
theerrorratefrom 8.9% to 8.6% with ranking1.17 (with theclass-specifierrorratesrangingfrom
27.3%for abdomerio 3.4%for chest).Notethattheerrorratedropsto lessthan2% if we consider
thetop threeclassesi.e. thethreeclassewith highestprobabilities. Thus,despitethe errorrate
of 8.6%, the proposedlgorithmsarealreadysuitablefor usewithin theIRMA-system.
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In afinal experiment,we analysedhe differentdistancemeasuresve discussedbore with
respectto their invarianceproperties given a transformatiort. In our experimentswe choset
to be a translationand calculatedhe distancebetweera shiftedversionof a radiographandthe
original imageaswell asthe distanceto radiographgrom competingclasses.As we canseein
Figure6, the Euclideandistanceis highly sensitve to imagetranslations.On the otherhand,the
tangentdistancgFigure7) cannearlycompensaté pixel shifts andyields small distancesip to
2-3 pixels shifts. As expectedthe distortionmodelwith » = 1 (asshavn in Figure8) canfully
compensatéd pixel shifts, yet with R increasingthe distancego competingclasseget smaller
rapidly (seeFigures8 and9). Thus,large neighbourhoodmayleadto badclassificatiorresults.

7.1 On CooccurrenceMatrices

Theuseof cooccurrencenatricegHaralick etal., 1973 is oftenconsideredo be helpful for con-
tentbasednedicalimageretrieval. However, our experimentson radiograptclassificatiordo not
supportthisthesis.In two experimentswe usedglobalcooccurrencenatricesfor featureanalysis
within a synegetic classifierfHaken, 1991 andwithin a kerneldensitybasedclassifier In both
caseswe werenot ableto obtainclassificatiorerror ratesbelav 29%. Apparently coccurrence
matricesdo not provide discriminatve featuresfor radiographclassification. Neverthelesghey
mightstill beusefulfor thefollowing IRMA processingtepsge.g.to detecttumorswithin a (pre-
viously cateyorized)radiograph. In this case,cooccurrencenatriceswould be computedfrom
smallpartsof theimage,notfrom the completeémage[Vogelsangetal., 1997.
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8 Conclusions

In this paperwe presentedur approacho classifyingradiographsvithin the IRMA system.We
proposedinen imagedistortionmodelandprovedits efficiency by applyingit to 1617radiographs
comingfrom daily routine. Althoughthe distortionmodelaloneis very effective, we shavedthat
it canbe usedto improve Simards tangentdistancein this application. The bestclassification
errorof 8.6% wasachievedby computingthis ‘distortedtangentistance’ which meansarelatve
improvementof 52% with respecto the Euclideardistancenearesheighbouserrorrateof 18.1%.
We arecurrentlyworking ontheimprovementof ourimagedistortionmodel. This canbedoneby
abetterchoiceof thecostfunctionC(i, 4, , j'), e.9.by learningit from thetrainingdata.We will
furthermoreuseadditionalconstraintgo restrictpossiblémagedistortionsto ‘meaningful’ ones.
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