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Abstract. In theprocessof visualizing3D MRI or CT datausingtechniquessuchasisosurfac-
ing or directvolumerendering,oneis confrontedwith two problems.Thefirst oneis thatthere
is no distinctionbetweenimportantandunimportantdata. The secondoneis the difficulty to
find ameaningfulmappingof themeasuredscalarvaluesto thegraphicalattributesusedfor the
visualization.Theseproblemsareaddressedby the specialsegmentationprocedurepresented
in this paper. Thebasicideais to applygraphalgorithmsto find importantstructuresandto as-
signmultidimensionalinformationto thesestructureswith thehelpof wavelets.Thisadditional
informationcanbeusedto generategraphicalattributesfor rendering.Severalaspectsemerge
from theinteractionof boththeoreticalconcepts.

Introduction

Oneproblemof visualizingmedicaldataby meansof volumerenderingis, that simpletransferfunctionsareoften
not sufficient enoughto producemeaningfulimages. This is especiallytrue for MRI datasets,wherea measured
valuemaycorrespondto several typesof tissue.In this casetheuseof transferfunctionsproducesirritating images,
asthereis little correspondencebetweentheassignedcolor andthetissue.A first approachto solve this problemhas
beenintroducedby Levoy [6] whoincludesgradientinformationin thetransferfunctions.Westermann[10] integrates
featureextractionby usingthewavelettransformationto evaluatethespatialfrequency of thevisualizeddata.
In this paperwe presenta new methodfor segmentationandfeatureextractionfor visualizationpurposes.Themain
ideais to find andto extractedgesfrom thedatasetandto computeafeaturevector, thatmaybeusedfor segmentation
or for thedefinitionof transferfunctions.We developedanalgorithmthatcombineswavelettheoryandgraphtheory,
andwe appliedthis to the two dimensionalcase. We alsodiscusshow theseconceptscanbe generalizedto three
dimensions.
Edgedetection,line segmentationandscalespacefiltering especiallywith waveletsbecamepopularandpowerful
techniquesin imagesegmentationandfeatureextraction.Thebasicideaof scalespacefiltering wasfirst describedby
Witkin [11]. A filter bankis appliedto a givenimage,which extractsfeaturesat differentlevelsof detail. This level
of detailaspectwasusedby Bijaoui [2] to identify differentastronomicalstructures.Thefilter coefficientsfor agiven
point in theimagemaybedirectlyusedasa featurevectorasit wasproposedby LeiteandHacock[5].
A filter technique,thatis capableof scalespacefiltering, is thewavelettransformation[2, 5]. Many importantresults
aboutwaveletsandfeatureextractionhavebeenpublishedby Mallat etal. [7, 8, 9]. Berkneretal. [1] analyzethelocal
maximaof the wavelet transformationandtheevolution of the waveletcoefficientsacrossdifferentscalesto obtain
analyticalpropertiesof theunderlyingfunctionwhichcanbeusedfor imagesegmentationin themedicalcontext.
It canbeshown, thatthecontinuouswavelettransformationfor asinglescaleis equivalentto theedgedetectionmethod
of Canny [3]. Thus,a connectionbetweenwaveletsandpowerful edgesegmentationtechniquescanbeestablished.
Severalaspectsemergefrom theinteractionof thesetheories.TheCanny operatoritself canonly detectthemaxima
for eachof thedifferentscales.Thewavelet theoryprovidesa framework for obtainingfurther information,thatcan
be derived from the interactionof the differentscales.A commonlyusededgeprocessingstepis the groupingof
pixel maximainto linesfor exampleusinggraph-theoreticalmethodsasdescribedby Zahn[12]. A differentmethod
for detectingstringsis the snake method,which requiresan initial segmentationof pixels the to drive the external
forces. This differs from our approach,wherethe segmentationis doneon the lines themselves. Onesnake is just
capableof finding oneclosedstructure.Thisdiffersfrom ourapproach,wheremultiple andalsoopenstructuresmay
besegmented.
We presentan algorithm,that is capableof identifying lines andof generatinga featurevector for every line, that
containsinformationabout(1) theEuclideanlength,(2) theHölderexponent,which is a measureof smoothness,(3)
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(a)Detectedmaxima (b) Formedlines (c) Correspondinglines

Figure1: Stagesof thesegmentationprocess

thecoarsestscaleon which theline hasa representation,(4) a strengthvalue,that includesgradientinformationand
(5) anunsharpnesscoefficient. In contrastto theapproachfollowedby Hacock[5] theresultingvectordoesnot vary
in dimensionwith thescalesinvolvedbut themorescalesareusedthemoreexacttheresultingvalueswill be.A major
contributionof thispaperis a new algorithmbasedonwaveletsandgraphswhichgeneratesanappropriateinter-scale
interconnectionof theextractedlines.
In the following sectionwe describetheoverall algorithm. Afterwards,we explain thenewly developeddetailsand
we finish with someexamples.We give analyticalexamplesto validatethat thefeaturevectoris computedcorrectly
andamedicalexampleto show thepotentialof a classificationalgorithmbasedonthegeneratedvalues.

1 Overall Algorithm

Severalstepshave to beperformedin orderto detecttheline structuresin thedataandto generatethefeaturevector.
First, the local maximaof the wavelet transformhave to be computedfor every scale. Thesemaximarepresent
the isolatedpoints shown in Figure 1(a). The coefficients for thesemaximaare usedlater on for the calculation
of the featurevector. Second,the local maximaof eachscaleare interconnectedinto lines usinggraphtheoretical
aspects(Figure1(b)). Theinterconnectionensuresstability of thesegmentationprocess.As lineson differentscales
may correspondto the samefeaturein the image,the interdepenciesof the lines acrossdifferentscaleshave to be
established.In Figure1(c) all lines, that have a correspondenceat thesecondscalearedrawn black,andtheothers
aredrawn grey. Finally, the featurevector for a line on the first scalecanbe computedusingthe averagewavelet
coefficientsof this line at theotherscales.Eachprocessingstepwill bedescribedin moredetailin thenext sections.

2 Construction of Local Maxima

In this sectionwe describehow to find somepixelsasatomicstructures,which correspondto the local maximaof a
continuouswavelet transformation.Thewavelet transformationusestwo waveletswhich areobtainedby differenti-
ating the Gaussfunction in both ��� and � � directions.This actuallycorrespondsto usingthe Canny-Operatorfor
differentscalefactors.
Themultidimensionalinformationwhichconstitutesthefeaturevectoris basedonanalyticalaspectsof theunderlying
function,suchasHöldercontinuity, gradientabsolutevalue,etc.Thewavelettheoryprovidesaframework for analyz-
ing thesequantities.Theonedimensionalwavelettransformationof a function �����
	���
�� for a wavelet � is defined
usingtheconvolutionoperator ��������������������� ��  "!$#% # �&��'(�)�+* ' � ��-,/. '&� (1)

where � is a translationparameterand � a dilatationparameter. For two dimensionsthecontinuouswavelet transfor-
mationmaybedefinedusingtwo wavelets �10 and �32 , which arein our casethepartial derivativesof the Gaussian
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function: � ��4�5 ����� � �(���6� � 587 � 09 �:� � �;��� (2)� ��<=5 ����� � �(���6� � 587 � 29 �:� � �;��� (3)

Using the partial derivativesof the Gaussianfunction hasthe two advantages,that it is infinite continuouslydiffer-
entiableandthat it hasonly onevanishingmoment. This guaranteesthe smoothnessof the filtered functionon the
onehand. On the otherhandonly singularitieswith a Hölder exponentsmallerthanonewill be detected,which is
a standardrequirementfor imageprocessing.Furthermore,we areonly interestedin finding discontinuitiesof the
underlyingfunction. TheHölderexponentis definedasfollows: A function � is Höldercontinuous> over anopen
finite interval ? if andonly if @BADCFE � � ��G �H? C�I �&� � � � �J� �KG � IBLMA8I �N�O�KG I PRQ (4)

The Hölder exponentdescribesthe continuity qualitiesof the function. It providesa more differentiatedway to
expresscontinuity thanthestandardSRT continuityexpression.As edgesaresingularitiesof the image,they canbe
characterizedby this exponent.Thefollowing theoremdescribestherelationof theHölderexponentandthewavelet
coefficients.

Thefunction �U�H� 	 ��
 	 � is uniformly Höldercontinuous> ona finite openset ? if andonly if@BADCFE �V�W�H?1� CFE � C�I � � �J�����X�:� IYLZA � P (5)

holds,where�3�[�����X�:� meansthewavelettransformationfor thewavelet � for translation� anddilatation� (see[7, 8, 9]).

In orderto usetheresultsof this theoremonefirst hasto determinethedomain,wheretheHölderexponenthasto be
evaluated.Furthermore,onehasto find thewaveletcoefficientswhichmake(5) astight aspossible.
We areinterestedin regionsaroundtheedgesor lines,which aregivenby local wavelet transformmaxima.Because
the Gaussianfilter tendsto disturbandto blur the structuresin the data,whenthe variancebecomeslarge,we will
considersuchstructureswhich canalreadybe seenfor a dilatationparameter�\� �

. Sinceoneedgehasdifferent
representationsin termsof maximalinesfor differentdilatationparameters,weconsidertheproblemof building lines
from thewavelettransformlocalmaximain thenext section.

3 Construction of the lines

In orderto constructtheselinesfrom theisolatedpixelsgraphtheoreticalmethodsareused.An importantaspectof
thealgorithmpresentedis, that thecriteria for operatingon thegraphto obtainstructureswhich arecalledlinesare
motivatedby theGestaltpsychology.
Initially, a fully meshedgraphis constructed.This graphis divided into a minimal spanningtree. In this work a
simplermethodhasbeendeveloped,thatperformstheconstructionof thetreefrom theoriginally unconnectednodes
in onestep.This is doneusinganadvancingfront technique.Threekindsof nodesaredistinguished:nodesthatare
alreadyfixed, nodesthatstill havenotbeenprocessedor areuntouchedandnodesthathavebeenprocessedor touched,
but whosefathercanstill change.The basicideaof the algorithmis to changeonenodefrom touched to fixedat
every iteration. For eachoneof thesenodestheclosestk neighborsthatarenot fixedareanalyzed.If their statusis
untouched, they changeto touchedandtheir fatherwill becomefixed. If theirstatusis alreadytouched, thenthelength
of the root nodeis comparedwith thedistanceof theanalyzedfixednode. If this distanceis shorter, theroot of the
touchednodewill bechangedto theanalyzedfixednode.This is procedureillustratedin Figure2.
This treeis separatedinto severalsubtreesusingthestatisticalZ-testfor thelengthof eachedgeandthedifferenceof
thewaveletcoefficientsof theborderingmaxima.Theprocessingof theedgesworksrecursively from theroot to the
trees. If any of thespecifiedvaluesof theedgedifferssignificantlyfrom the meanof theZ-Testof theotheredges
that lie within a specifiedhopsdistance,thetreeis truncatedinto two clusters.Theaccumulationof theedgevalues
is againdoneusinga recursive mechanism,thatsearchesforwardin thedirectionof the leavesandbackwardsin the
directionof theroot.
Thegeneratedclustersareseparatedinto linesafterwards.This is doneusingagradientcriterionandalengthcriterion
for the lines. Every junction is considered.All lines that arecloserto the gradientdirectionthana givenangleare
eliminated.If thejunctionstill existsaftertheelimination,thenall linesareseparatedfrom thejunctionthatdoesnot
belongto thelongestpossibleline, thatpassesthroughit. Thesetechniquesaredescribedin Zahn[12]. Theresultof
thisphaseis asetof linesfor everyscale
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Figure2: Constructionof theminimalspanningtree

4 Inter-scale Interconnection

For theevaluationof equation(5) all thecorrespondingwaveletcoefficientsfor eachscalingfactorareneeded.This
meansthataninterconnectionof thelineswhichbelongto thesameedgehasto beestablishedfor differentdilatation
parameters.
Experimentalresultshave shown, that a simpleinterconnectionbetweenlines is not sufficient, becauseof the per-
turbationsintroducedby theconvolution with theGaussianfilter. Dependingon thedilatationparameters,linesmay
be groupedforming completelydifferentstructuresat differentscales.This problemhasbeensolved by meansof
a carefull regroupingof the lines. The interconnectionof the lines betweenneighboringscalesis interleavedwith a
splittingof thelinesateachscaleto avoid meaninglessinterconnections.
For thispurposeaninitial point to point interconnection,basedon theEuclideandistance,is computed.Everynodeat
thescale]_^ � is connectedto its nearestnodeat thescale] . If two nodesat thescale]`^ � areconnectedto thesame
nodeat thescale] , only theshortestlink will bekept.Thiscorrespondsto a kind of discreteHausdorff distance.
In a secondstepa regiongrowing is performedon thelines. Thepartnerlinesof theconnectedpointsareconsidered
asa homogeneitycriterion. The bestpairsof alreadyfusedsegmentsarefusedagain. The processstops,whenall
of them have reacheda minimum size and if no further fusion operationcan be carriedout without corruptinga
minimumhomogeneity. Theresultingpointsarethenfusedto segments,thatarepartsof thelines.New linesthatare
interconnectedacrossdifferentdilatationparametersaregroupedfrom thesesegments.

5 Computation of the feature vector

Whentheinterconnectionshavebeencompleted,fivecharacteristicvaluesfor eachdiscoverededgecanbecomputed:a theEuclideanlengthof theedge,a theHölderexponent( > ),a thevariancewheretheedgehasits lastrepresentation,a thestrength,whixh is thefactor

A
in theequation,
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(a)Original imagefor line detection (b) Segmentedline

Figure3: Analytical testdatafor imagesegmentationa andanunsharpnessvalue( b ), thatmaybeextractedif furtherassumptionsto equation(5) aremade(see[8]).

The threecharacteristicquantitiesunsharpness,strengthandthe Hölder exponentareorthogonalquantities. If we
assumethattheimagebeingconsideredis theresultof a convolutionof anunknown imagewith a convolutionkernel
of thevarianceb andif we insertthisassumptioninto equation(5) weget:c ]���� � �J������d�e�(� L c ]�� A �f^ c ]����B�f^ �g ��> � � � c ]���� 2 ^"b 2 � (6)

This equationcontainsall therelevantentitieswhich canbederived,if enoughwaveletvaluesfor differentscalesare
known. Mostof thefeaturesarecomputedby meansof a leastsquaresapproximationto make theresultinginequality
astight aspossible.For stability reasons,the meanvaluesandnot the maximaof the wavelet coefficientsfor each
dilatationparameterareused. This approachis justified by the fact that thereshouldnot be too rapid changesin
waveletcoefficientsalonglinesdueto thepruningcriterionin thegraphprocessingsection.
Experimentswith aGauss-Newtonapproximationhavebeenmade,but theapproximatedfunctionturnedout to betoo
unstable.Thegradientdescentmethodhasbeenusedinsteadassuggestedin [8].

6 Results

In orderto illustratethecorrectnessandthepotentialof thepresentedalgorithm,two examplesarediscussedin this
section. First we will evaluatethe correctnessof the discoveredvaluesby meansof test images. Figure 3(a) is
constructedusinggrey valuesof 50,75 and100.Thehorizontalline hasanHölderexponentof 0, a strengthof 39,89
andanunsharpnessof 0. Thealgorithmdiscoversthelinesshown in Figure3(b) andcomputesthefollowing feature
valuesfor fiveevaluatedscales:Hölderexponent-0.02,strength36.71andunsharpness0. For sevenevaluatedscales
theresultsarein evenbettercorrespondence:Hölderexponent0.04,strength37.4andunsharpness0.
As anexamplefor segmentationwehavechosena sliceof a MRI-head.Ouraim wasto segmenttheskin surface,the
surfaceof thebrainandof theventriculars.We show the limits for thefeaturesandthesegmentationresultsfor two
differentMRI slicesof two differentheads.Theskin surfacesin Figures5(a)and5(b) have beenextractedwith the
following constraintsto thefeaturevector: length h 0.3,scale h 4, strengthh 30. Thebrainsurfacesin Figures5(c)
and5(d) arefoundwith length h 0.5,2 i scalei 3 andtheventricularsin Figures5(e)and5(f) have beenextracted
using:0.01 i length i 0.6,scaleh 3, 10 i strengthi 36,-1 i Hölderexponenti 0, 0.5 i unsharpnessi 2.5
Basedon our encouraging2D segmentationresultswe startedextendingthesetechniquesto threedimensionalappli-
cations.Hereagain,thewavelettransformmaximaareusedasa startingpoint for thesegmentationprocess.In three
dimensionsthegraphscannotbeuseddirectly, sincetheresultof thistechniquearelinesandnotsurfaces.In thiscase,
theverticesareinterconnectedusinga Delaunaytetrahedrization.TheDelaunaytetrahedrizationguarantees,thatno
otherverticesarepositionedwithin thecircumsphereof a tetrahedron,thantheverticesbelongingto thetetrahedron.
Theextractedsurfacesaresurfacesof groupsof tetrahedra.Thefinal groupingof lines in the two dimensionalcase
was doneusing a kind of region growing as describedin section4. In the threedimensionalcasethe tetrahedra
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(a)Semitransparentrenderingof headandbrainsurface (b) Theventricularsystemseenfrom below

Figure4: Segmentationof aMRI volume

arealsogroupedusinga regiongrowing technique,wheretheradiusof thecircumsphereof a tetrahedronservesasa
homogeneitycriterion.Thisis avariationof the > -shapeconceptpresentedby Edelsbrunner[4]. In thiscasetetrahedra
formationsarebuild of tetrahedra,thathaveacircumsphereradiusbelow a certainlimit.
As a featurevector, the surfaceto volumeratio, the volumesizeandthe averagecircumsphereradiusis computed.
Thesegmentationresultof a MRI headwith thebrainsurfaceis shown in Figure4.
Thispresentedtechniquemayalsobeusedfor labelingvoxelsfor directvolumerenderingor for theintegrationof the
extractedsurfaceswith directvolumerendering.Thebrainsurfacecontainedin anMRI, cannot bevisualizedwith
aniso-surfacesincethiswouldalsoproducesurfaceelementsin otherpartsof thehead.Thesegmentationprocedure,
however, offersthepotentialto separatethebrain.Transfer-functionsfor directvolumerenderingcanbebasedon the
valuesof thefeaturevectorinsteadof thevaluesof thedatasetitself sincethey area muchbettercharacterizationof
tissuetypethanthemeasuredabsorptionvalues.

7 Conclusion

We have shown that the combinationof wavelet andgraphtheoryresultsin a stablesegmentationprocedure.The
resultsof this processcan be usedfor visualizingmedicaldatasetswith quite moremeaningfulimages,than the
applicationof standardmappingmethodsastransferfunctionsor isosurfacesderivedfrom theoriginal scalarvalues.
In thefuturewe will extendour first attemptsto 3D segmentationby combining > -shapesandregiongrowing on the
extractededgeinformation. Furthermore,mechanismshave to be foundto determinerangesof characteristicvalues
for interestingmedicalfeatures.
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(a) MRI slice1, skin surface (b) MRI slice2, skin surface

(c) MRI slice1, brainsurface (d) MRI slice2, brainsurface

(e)MRI slice1, ventriclesurface (f) MRI slice2, ventriclesurface

Figure5: ImageSegmentationon two differentMRI headslices


