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hen, GermanyABSTRACTAn essential part of the IRMA{proje
t (Image Retrieval in Medi
al Appli
ations) is the 
ategorization of digitizedimages into prede�ned 
lasses using a 
ombination of di�erent independent features. To obtain an automated and
ontent{based 
ategorization, the following features are extra
ted from the image data: Fourier 
oeÆ
ients of nor-malized proje
tions are 
omputed to supply a s
ale{ and translation{invariant des
ription. Furthermore, histograminformation and Co{o

urren
e matri
es are 
al
ulated to supply information about the grey value distribution andtextural information. But the key part of the feature extra
tion is the shape information of the obje
ts representedby an A
tive Shape Model. The A
tive Shape Model supports various form variations given by a representativetraining set; we use one parti
ular A
tive Shape Model for ea
h image 
lass. These di�erent A
tive Shape Modelsare mat
hed on prepro
essed image data with a simulated annealing optimization. The di�erent extra
ted featureswere 
hosen with regard to the di�erent 
hara
teristi
s of the image 
ontent. They give a 
omprehensive des
riptionof image 
ontent using only few di�erent features. Using this 
ombination of di�erent features for 
ategorizationresults in a robust 
lassi�
ation of image data, whi
h is a basi
 step towards medi
al ar
hives that allow retrievalresults for queries of diagnosti
 relevan
e.Keywords: image retrieval, 
ategorization, proje
tions, histogram, Co{o

urren
e matrix, A
tive Shape Model1. INTRODUCTIONIn medi
al informati
s, the importan
e of digital image ar
hives in daily 
lini
al routine is growing fast. Amongother aspe
ts, the IRMA{Proje
t (Image Retrieval in Medi
al Appli
ations) has the goal to provide methods whi
henable an automati
 
ategorization of se
ondary digitized radiographs retrieved from a 
onventional ar
hive.6 Thedes
ription and 
ategorization of the experimental database, 
ontaining almost 2500 radiographs up to now, wasdeveloped by radiologi
 experts to guarantee a representative distribution of radiographs. In this approa
h, a
ombination of di�erent features is used to guarantee a robust 
ategorization of the images into prede�ned 
lasses.The features are either non{knowledge based like proje
tions, histograms and textural informations or in
orporatea{priori knowledge using A
tive Shape Models �rst des
ribed by Cootes et. al.2,3 to in
lude shape information intothe 
lassi�
ation pro
ess. The A
tive Shape Models are trained on representative training sets of 
ontours to builtup a proper shape model for ea
h 
lass. These manually generated shape models 
ontain a large amount of a{prioriknowledge about all possible shape variations of obje
ts in di�erent 
ategories.This knowledge based automati
 
ategorization is the �rst step towards ar
hive queries of diagnosti
 relevan
e. Thismeans for later steps of the IRMA{proje
t, that far more di�erentiated queries (e.g. "Give me more 
hest radiographswith rib fra
tures", et
.) 
an be answered su

essfully without requiring user input about the image 
ontents atar
hiving time.� Corresponden
e: Email: kohnen�rad.rwth{aa
hen.de; Telephone: ++49 241 80 89627; Fax: ++49 241 8888 480



2. METHODSThis se
tion �rst des
ribes the di�erent methods used to extra
t the non{knowledge based features of the imagematerial. Following, the 
omputation and optimization of the A
tive Shape Models is explained. Furthermore, wedes
ribe whi
h des
ribes the 
omputation of an energy image whi
h is needed for the optimization of the A
tiveShape Models. Finally the extra
ted features are 
ombined to a feature ve
tor, whi
h is used for the 
lassi�
ation.2.1. Computation of non{knowledge based featuresThese features are more or less standard features, whi
h were used in digital image pro
essing in many di�erent
ontexts. But here the di�eren
e espe
ially for the proje
tions is that we use a s
ale{ and translation{invariantrepresentation of the features. Thus, we are able to 
ompute features whi
h are independent of the size and orientationof images.But these standard features are too unspe
i�
 to allow a robust and satisfying 
lassi�
ation. In many 
ases, itis impossible to distinguish between di�erent 
ategories of radiographs without using the knowledge based shapeinformation. Nevertheless, these features are an important part of the whole 
lassi�
ation pro
ess and are able toimprove the results of a pure shape based 
lassi�
ation.2.1.1. S
ale{ and translation{invariant representation of proje
tionsUsually the 
ontents of the radiographs have a de�ned orientation, whi
h derives from the imaging pro
ess. In most
ases these features di�er only in size, if the images were digitized in di�erent resolutions, and translation alongthe proje
tion axes. Therefore, it is ne
essary to 
ompute a s
ale{ and translation invariant representation of theproje
tions.At �rst we de�ne a proje
tion as the normalized summation of the pixel grey{values of an image f(f :M �N ! G)horizontally and verti
ally. The normalized proje
tions are represented by the ve
tors Phor and Pver , whi
h in
ludethe normalized row{ and 
olumn{sums of the grey{values respe
tively:Phor(n) = 1Pi;j f(i;j) M�1Pj=0 f(n; j)Pver(m) = 1Pi;j f(i;j) N�1Pi=0 f(i;m) (1)To a
hieve a s
ale invariant representation a linear interpolation method is used to resize the proje
tions down toa prede�ned length of 32 values. This results in a feature ve
tor of redu
ed dimension that is faster to 
omputewithout losing too mu
h relevant information.

Figure 1. Horizontal and verti
al proje
tions of a thorax radiography. The verti
al proje
tion shows 
hara
teristi
features resulting from the mediastinum.This representation is not translation invariant yet. Therefore, we use the dis
rete Fourier transform (DFT) to obtaina frequen
e analysis of the proje
tion ve
tor. The Fourier domain of the transformed values 
an be divided into a



phase{ and an amplitude spe
trum. The phase spe
trum 
ontains the lo
ation information whereas the amplitudespe
trum holds the translation independent frequen
e des
ription of the proje
tion data. This quality of the DFTis used here to generate a translation invariant representation of the proje
tions. The amplitude spe
trum of theFourier transformed proje
tions P �hor and P �ver is 
omputed using the following formulas:P �hor(n) = jPk Phor(k)!knjP �ver(n) = jPk Pver(k)!knjwith ! = e 2�i32 : (2)A

ording to equation 2 this the transformed values are real values as they 
an be interpreted as the absolute value ofthe 
omplex values. The loss of information due to this representation is restri
ted to the lo
ation based informationof the Fourier transformed proje
tion.2.1.2. Histogram and textural informationThe histogram information is also used to distinguish parti
ular 
ategories in the ar
hive from ea
h other. Histogramsobtained from soft tissue images for example are quite di�erent from histograms 
omputed from skeletal radiographs.As visualized in �gure 2, the histograms of a mammography and a femoral have very di�erent gray{value distributions,whi
h is taken as a 
hara
teristi
 feature to distinguish these 
ategories from ea
h other.
Figure 2. Left: histogram generated from a mammography (soft tissue). Right: histogram 
omputed from a skeletalradiograph.The images stored in the database are 8{bit gray{value images. Therefore, the histograms h(g) 
onsist of 256 entries,whi
h is too large to be 
omputed as a feature by the 
lassi�er. That's why we also s
ale the histogram by linearinterpolation down to a length of 32 values. Another advantage of the normalization is the possibility to handleimages of any gray{value range (e.g. 12{bit images resulting from CT s
ans).Further textural features are an important measure to reliably distinguish medi
al images from ea
h other. Thesu

ess of a wide variety of radiologi
 diagnoses depends on the proper in
lusion of textural information into thediagnose pro
ess. Co{o

urren
e matri
es �rst des
ribed by Harali
k5 are a proper representation of textural infor-mation o

urring in medi
al images.Co{o

urren
e matri
es are G � G matri
es, where the elements P~d(i; j) are the number of the o

urren
es of thegrey{values i and j with a de�ned displa
ement ~d in the image. Additionally the Co{o

urren
e matrix we use isnormalized and rotation invariant.But this matrix is far to big (256�256 values leads to a feature ve
tor length of 65536) to be taken into 
onsiderationas feature for the 
lassi�er. Therefore we 
ompute the six linear independent Harali
k texture measures h1; : : : ; h6from the matrix. These texture measures 
an be 
ombined to a single feature ve
tor
 = (h1; : : : ; h6); (3)whi
h is taken as an input for the 
lassi�er.



Figure 3. A visualization of a rotation invariant Co{o

urren
e matrix from a hand radiography. The matrix showsthe 
hara
teristi
 a

umulation of values greater zero along the diagonal axis.2.2. Shape models as a knowledge{based featureThe A
tive Shape Model used for generating knowledge based features for the 
lassi�
ation pro
ess is the key partof our approa
h. The Shape Model used here is a 
ontour or polygon v whi
h is deformed to represent biologi
alshape variations by a redu
ed set of parameters to a
hieve a best possible 
orrelation with the edges o

urring in theimage. The optimization pro
ess is ne
essary to �nd the optimal parameter settings using an energy image D.Assuming that the images 
an be divided into a prede�ned number of 
ategories Ki; i 2 f1; : : : ; Ng, the shapeinformation of the di�erent obje
ts o

urring in the 
lasses 
an be trained a{priorly. The A
tive Shape Model isable to model possible shape variations of an obje
t, preferred by a set of training shapes, with a 
omparatively lownumber of parameters. Here the large variety of biologi
al obje
ts must be re
e
ted by the training set.2.2.1. Computation of the shape modelTo 
ompute an A
tive Shape Model, an aÆne normalized set of training 
ontours, 
ontaining m 
ontours with nsorted verti
es ea
h, is needed. The verti
es of the 
ontours are sorted so that the starting point is always �xed(e.g. middle of left side of obje
t edge), the verti
es are ordered 
lo
kwise around the obje
t, and the verti
es of the
ontour have all the same distan
e from ea
h other.The aÆne normalization 
an be 
omputed minimizing the quadrati
 error of every normalized 
ontour ~vi to the mean
ontour v of the training set. An aÆne transformation of a vertex vij = �xijyij � of the 
ontour vi is de�ned as follows:� ~xij~yij � = � a �bb a � �� xijyij �+� txty �with a = s � 
os(�) and b = s � sin(�): (4)Therefore, the aÆne transformed 
oordinates of the 
ontour whi
h is normalized are 
omputed using~xij = a � xij � b � yij + tx~yij = b � xij + a � yij + ty: (5)The resulting 
ontour must minimize the quadrati
 error�i = nXj=1 �(xj � ~xij )2 + (yj � ~yij )2� ; (6)between the normalized 
ontour ~vi and the mean 
ontour v of the training set. To solve this equation we substitutethe unknown variables ~xij and ~yij by using equation 5 and obtain�i = nXi=1 �(xj � a � xij + b � yij � tx)2 + (yj � b � xij � a � yij � ty)2� ; (7)



whi
h 
an be easily solved by partially deriving it by its aÆne parameters and solving the resulting equation system.The normalization leads to a set of 
ontours, whi
h is independent from aÆne shape variations of the obje
ts. Theadvantage is, that we a
hieve a separation from the aÆne deformation parameters and the real shape deformationparameters of the A
tive Shape Model.Subsequently a 
ontour ~vi of the normalized training set, 
an be de�ned as a ve
tor ~vi with length 2n, whi
h 
ontainsthe 
oordinates of its sorted verti
es: ~vi = (xi1 ; yi1 ; xi2 ; yi2 ; : : : ; xin ; yin)T (8)Therefore, the 
ontours of the training set 
an be interpreted as elements of a 2n{dimensional ve
tor{spa
e. Themotivation is, that the shape 
hara
teristi
s are lying in a subspa
e of this 2n{dimensional ve
tor{spa
e. To des
ribethe shape 
hara
teristi
s with a lower number of basis ve
tors, the Karhunen Lo�eve transform is used. The 2n� 2n{
ovarian
e{matrix C is 
omputed, whi
h entries 
ij des
ribe the dependen
ies between the di�erent verti
es of the
ontours: 
ij = 12n 2nXl=1(vli � vi)(vlj � vj); (9)where vi is the mean 
ontour of the normalized training set.The Karhunen Lo�eve transform of the 
ovarian
e matrix C generates an orthonormal basis of eigenve
tors withtheir 
orresponding eigenvalues. The di�erent sizes of the eigenvalues des
ribe the varian
e of the training set alongthe a

ompanying eigenve
tor. The eigenve
tors are sorted by the size of their eigenvalues. Usually the size of theeigenvalues is shrinking rapidly and so only a few eigenve
tors are needed to des
ribe the relevant shape variations.A shape variation v� of the A
tive Shape Model is 
omputed by an redu
ed orthonormal basis P �, whi
h 
onsists ofthe k eigenve
tors with the greatest eigenvalues, and the 
orresponding varied eigenvalues �j :v� = v + P� = v + 2640B� p1;1 � � � p1;k... ...pn;1 � � � pn;k 1CA0B� �1...�k 1CA375 (10)Translation, s
aling, and rotation is applied by an aÆne transformation on the shape variation v� as des
ribedpreviously in equation 4. This 
omputed shape model is aÆne invariant and allows proper shape variations given bythe training set.A 
omparatively low number of eigenve
tors is suÆ
ient to model possible shape variations given by the trainingset. Here the used shape models are 
omputed with satisfying a

ura
y using only ten di�erent parameters. Theseparameters divide into 5 aÆne parameters (translation in x{ and y{dire
tion, s
aling in x{ and y{dire
tion, rotationby �), and the variations of the �ve largest eigenvalues. The allowed amount of possible variations is limited by adis
rete interval with �xed borders. The borders of the intervals Ij = [aj ; bj ℄ for every varied eigenvalue �j 
an be
omputed from the normalized training set. For this we 
ompute the di�erent variations �̂ij of the eigenvalues of theA
tive Shape Model whi
h des
ribe exa
tly the parti
ular normalized training shapes ~vi:0B� �̂i1...̂�in 1CA = 0B� p1;1 � � � p1;n... ...pn;1 � � � pn;n 1CA�1 � (~vi � vi) (11)Further, the borders of the intervals 
an be 
al
ulated taking the maximum and minimum values from the 
omputedvariations of the eigenvalues �̂ij : Ij = [mini �ij ;maxi �ij ℄ (12)The interval borders of the aÆne parameters tx; ty, and s are set in respe
t to the image size and the magnitude ofthe mean 
ontour v. Thus, the A
tive Shape Model is 
apable of being optimized su

essfully on images of previouslyunknown s
ale. The interval borders used for the rotation are manually set as they are independent of the image{and shape model size.Figure 4 shows the behavior of the A
tive Shape Model of the hand varying the largest eigenvalue with respe
t tothe interval borders.



Figure 4. Variation of the A
tive Shape Model in the interval I1 = [a1; b1℄ along the eigenve
tor with the largesteigenvalue.2.2.2. Prepro
essing of the image dataA prepro
essing of the image data is ne
essary for the optimization of the A
tive Shape Model. Goal of thisprepro
essing step is an image, whi
h 
ontains a redu
ed number of lo
al minima to improve the optimizationpro
ess. Lo
al minima are 
aused by edges in the images, whi
h do not belong to relevant obje
ts.The 
ontour information of the image is extra
ted by the Canny{Edge{Dete
tor.4 Be
ause this edge �lter 
lassi�esthe pixels using the grey{value gradient, a large amount of irrelevant 
ontours in the image is dete
ted, whi
h are
aused by image disturban
es or other artifa
ts (e.g. medi
al markers, metalli
 implants, et
.). Therefore, 
ontoursare sorted out, whi
h do not ful�ll 
riteria like minimum length and inhomogeneity of the 
ontour run. The minimumlength of the 
ontours is 
omputed using a tra
er algorithm, whi
h 
ounts the number of pixels the 
ontour 
onsistsof. If the number is below a threshold t1, the 
ontour is removed from the image. The inhomogeneity of the 
ontouris 
omputed 
ounting the number of dire
tion 
hanges of the 
ontour pixels. Alike before, if this value is greaterthan a threshold t2, the 
ontour is also removed from the image. Therefore the resulting binary image 
ontains only
ontours whi
h have an in
reased probability to belong to the relevant obje
ts. Di�erent variations of the parameterst1 and t2 
ause resulting images, whi
h 
ontain more or less 
ontours respe
tively.Nevertheless, this method runs the danger of removing relevant 
ontours as well. We thought this aspe
t to benegligible 
ompared to the improved optimization based on the suÆ
ient amount of relevant 
ontours remaining inthe image.Finally a distan
e transformed version of the 
omputed 
ontour image is 
reated for the optimization pro
ess. Thegrey{values of the distan
e{image are a measure for the 
ity{blo
k{ (or 
hessboard{) distan
e to the next 
ontourin the image. The main advantage of the distan
e image is that a 
omputation of the distan
e of every pixel to thenearest edge (lo
al minimum) 
an be 
omputed in a 
omplexity of O(1). Figure 5 shows a binary 
ontour image ofthe hand and the distan
e transformed version.

Figure 5. Left: binary 
ontour image of a hand radiography. Middle: binary 
ontour image after removing irrelevant
ontours. Right: distan
e transformed 
ontour image (
ontrasted due to visualization aspe
ts).



2.2.3. Optimization of the shape modelsGoal of the optimization is to determine the parameterized variation of the A
tive Shape Model with the minimalenergy Ev� under 
onsideration of the distan
e image D. The energy is 
omputed by a weighted summation of theoverprinted grey{values of the distan
e image by the verti
es belonging to the shape model:Ev� = nXi=1 wiv�i �Dxy; with nXi=1 wi = 1 (13)The number of possible shape variations of the A
tive Shape Models with k parameters, where every parameter 
ana

ept l di�erent values is lk. Be
ause of the exponential magnitude the exa
t solution of the sear
h problem isNP{
omplete.Therefore, the simulated annealing method is used, whi
h provided satisfa
tory solutions of large sear
h problems
ontaining several lo
al optima in the past.3 A ne
essity for the appli
ation of this sto
hasti
 optimization methodis a topologi
ally sorted sear
h spa
e. This ordering of the sear
h spa
e is modeled by a neighbor relationship. In the
ase of the shape models used here every shape variation has twenty neighbor 
on�gurations, whi
h 
an be 
omputedby in
reasing or de
reasing one of the ten parameters by a dis
rete step. The simulated annealing method evolvesin the sear
h spa
e by 
omputing new neighbors randomly and determines whether to a

ept these or not. Theprobability of a

epting a new neighbor depends on a Boltzmann distribution.Thus, the shape model is 
apable of leaving lo
al minima and should approximate under su

essive 
omputation ofnew neighbors towards the global minimum. The simulated annealing method is therefore a very suitable methodfor �nding the global optimum in a sear
h spa
e 
ontaining many lo
al optima. Figure 6 shows the evolution of theoptimization on the example of a hand radiograph.

E�v� = 0:772 E�v� = 0:363 E�v� = 0:215Figure 6. Variations of the A
tive Shape Model of the hand after 50, 200 and 400 iterations of the simulatedannealing optimization.2.2.4. Computing features from shape modelsEa
h a{priorly known 
ategory 
i possesses its own A
tive Shape Model, whi
h des
ribes the possible shape variationsof the o

urring obje
ts. We 
reated the models using the 
omputation method des
ribed above.After optimization of the models for every 
ategory 
i, we obtain an minimum energy Ev�i for ea
h model, whi
h isa good measure for the 
orrelation between the shape and the displayed obje
ts in the image. In other words, theshape model with the lowest energy �ts best to the 
ontours of the image. To grant the 
omparability of the di�erentenergy measures of the models, the energies must be normalized in respe
t to their 
ontour length. Thus we obtainthe following normalized energy measures: E�v�i = 1ni �Ev�i (14)



The normalized energy measures 
an be interpreted as a measure for the probability of the image belonging to theparti
ular 
ategory the A
tive Shape Model was generated from. Intention of this approa
h is that the 
ategory hasthe highest probability where the optimized the shape model had the lowest energy. The energy measures of all theA
tive Shape Models are 
ombined into a ve
tor s�, whi
h 
an be taken as a feature ve
tor for the 
lassi�
ationpro
ess: s = (E�v�1 ; : : : ; E�v�n) (15)2.3. Categorization using a 
ombined feature ve
torIn this se
tion, the 
ategorization of the images using knowledge and non{knowledge based extra
ted features isdes
ribed. Summarizing, we generated a variety of di�erent features from ea
h image presented in 1. Therefore, theTable 1. Features extra
ted from the images, their length and fun
tional symbol.Des
ription of the feature length of feature fun
tional symbolFourier transformed s
aled horizontal proje
tion 32 P �hor(n)Fourier transformed s
aled verti
al proje
tion 32 P �ver(n)S
aled histogram 32 h�(g)Texture measures by Harali
k 
omputed from the Co{o

urren
e matrix 6 
(hi)Knowledge based feature 
omputed by the A
tive Shape Model # 
ategories s(E�v�i )P 102 + # 
ategoriesresulting feature ve
tor V , whi
h is taken as input ve
tor for a 
lassi�er, has a length of 102 + N , where N is thenumber of di�erent 
ategories: V = (P �hor; P �ver ; h�; 
; s) (16)The size of V is not too large for the most 
ommon 
lassi�ers (e.g. nearest neighbor 
lassi�er) as we 
onsider thedi�erentiation of 7 
ategories. Here we use the so 
alled C5.0 
lassi�er, whi
h generates a de
ision tree from atraining set of feature ve
tors to minimize the entropy of the training set.7 The advantage of this 
lassi�er is thetransparen
y of the generated de
ision tree to the user in a way that later modi�
ations on the tree 
an be easilyperformed and 
lassi�
ation errors 
an be determined depending on the rules stored in the tree.3. RESULTSThe di�erent extra
ted features like proje
tions, histograms, texture and shape measures were 
hosen regarding tothe di�erent aspe
ts of the image 
ontents. They give a good measure of what is visible in the image des
ribed bya 
omparatively low number of di�erent features. Seven di�erent 
ategories were de�ned from the image ar
hive forthe test of the algorithms. The di�erent 
ategories are hand, foot, skull, spine, 
hest, pelvis and extremities. Atthis state of the proje
t, the non{knowledge based features are tested separately from the knowledge based ones todetermine the quality separately of the two di�erent kinds of features.First tests based on the non{knowledge features produ
ed an error rate of almost 30%. This result is not surprising
onsidering the image 
ontents. In fa
t, images 
ontaining skeletal obje
ts often 
annot be separated satisfa
tory byhistogram an textural information. Mainly the proje
tions are a good feature to separate the 
ontents of skeletalobje
ts, but in several 
ases the proje
tions are disturbed by image artifa
ts like medi
al markers or metalli
 implants,whi
h make it impossible for the 
lassi�er to distinguish the 
lasses satisfa
torily.Therefore we in
orporate knowledge based shape information about the obje
ts o

urring in the images. By now,two di�erent A
tive Shape Models were generated, whi
h model the shape 
hara
teristi
s of spine and hands. Thevariabilities were analyzed by a training set of 12 manually generated shape models ea
h. At �rst we tested thebehavior of the models separately on new test images. Optimizing the A
tive Shape Model of the hand on anamount of 30 unknown hand images, a mean energy measure of �h = 0:280 with a standard deviation of �h = 0:169was 
al
ulated. In 
ontrast, the optimization of the spine model on the same set of images produ
ed a mean lastingenergy of �w = 0:556 with a standard deviation of �w = 0:258. This 
onstellation shows the 
apability of the



knowledge based features to distinguish the di�erent 
ategories from ea
h other. The images used for testing theshape features partly 
ontained artifa
ts, whi
h had no e�e
t on the behavior of the shape model be
ause theirparti
ular shape 
ould not be represented by the shape models and therefore was not dete
ted. But this method alsoends up at its limits if too large parts of the relevant obje
ts 
ould not be dete
ted by the Canny �lter or the shapeof the obje
ts runs too atypi
al. 4. DISCUSSIONOur approa
h is trying to 
ategorize images in a medi
al ar
hive into prede�ned 
lasses using a{priori knowledgebased shape information and non{knowledge based arbitrary features. Beforehand a 
ategorization using a balloonmodel to dete
t arbitrarily shaped biologi
al obje
ts1 did not produ
e satisfying features for 
ategorization.But it must be 
onsidered that this approa
h maybe not suitable for image material whi
h 
ontains less or too noisy
ontour information (e.g. ultrasound images). Satisfying results are expe
ted on skeletal radiographi
 images, be
auseon these images the relevant obje
ts (bones) have usually 
lear 
ontours. Also the non{knowledge based featureslead to better 
lassi�
ation results on skeletal radiographs be
ause of the better 
ontrasted grey{value distributionin these images. There are also problems espe
ially with the shape based features and proje
tions if the variability ofthe 
ontours is too high to be modeled by an A
tive Shape Model. These aspe
ts must be taken into 
onsiderationfor example for the 
lassi�
ation of images of the abdomen with 
ontrast media. Therefore, the IRMA{proje
t willimprove the 
lassi�
ation pro
ess with a 
ombination of many di�erent features to grant a robust and satisfying
ategorization for medi
al ar
hives.Nevertheless,our approa
h shows an interesting opportunity to integrate a{priori known shape information into a
lassi�
ation pro
ess. Parti
ularly the robustness of the algorithm in regard to image artifa
ts distinguishes it from
lassi
 approa
hes. Considering the results it is obvious that the non{knowledge based features 
an only improvethe 
lassi�
ation results of a knowledge based 
ategorization. In addition this approa
h is able to provide a pre{segmentation of the visible obje
ts, whi
h 
an be very helpful for subsequent segmentation algorithms.REFERENCES1. J. Bredno, T. Lehmann, K. Spitzer, A General Finite Element Model for Segmentation in 2, 3, and 4 Dimen-sions, Pro
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