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ABSTRACT

Onecommonproblemin the practicalapplicationof volumevisu-
alizationis the properchoiceof transferfunctionsin orderto color
differentpartsof thevolumemeaningfully Thisinteractve process
canbevery complicatedandtime consumingAn alternatve to the
adjustmenbf transferfunctionsis the applicationof segmentation
algorithms.Thesealgorithmsareoftendedicatedo alimited range
of datasetsandtendto bevery computeintensve.

In this paperwe proposea morphologybasedhierarchicaknal-
ysisto estimatethe optical propertieof thevolumeto berendered.
Thisapproachequiredewer parameterandincorporateslsospa-
tial information,but it is farlesscomputantensve thanmostof the
segmentatiormethods.The hierarchicalanalysisis constructedn
analogyto the waveletanalysis exceptfor the fact,thatnon-linear
filters are usedin our case. Thesemorphologicaloperatorshave
a lower distortionalinfluenceon the analyzedstructureshan the
usuallinearfilters.

A specialdecompositionof the morphologicaloperatorswill
be discussedthat leadsto an efficient implementatiorof this ap-
proach.This techniqguareduceghethreedimensionabnalysisto a
onedimensionatomputationasit is donein tensormproductbased
linearfilters. Theresultingdecompositionmay alsobe parallelized
easily We demonstratéheusefulnessf theproposedechniquedy
applyingit to medicalandtechnicaldatasets.

1 Introduction

Directvolumerenderinchasbecomeawidely appliedvisualization
methodover the lastseveralyears.An overvien onvolumevisual-

izationin generatanbefoundin thebookof Kaufmann4]. Oneof

the major practicalproblemsin volumevisualizationis the proper
choiceof transferfunctionsin orderto mapthe datato meaning-
ful optical propertiesof the volumeto be visualized. This is often

problematicasthe applicationof transferfunctionsjust mapsfrom

the definedfunction valueto theseoptical propertiesanddoesnot

incorporatespatialinformation.

Onealternatve to the applicationof transfesfunctionsare seg-
mentationmethods but thoseare usually applicationspecificand
quitetime consuming.Segmentatiormethodsarebuilt to generate
aninitial symbolicdescriptiorof adataset. Thedescriptiormayfor
instancebealabelizationor therepresentationf anedge but either
way, it is alwaysassociatewvith adiscretedecision.Marny sgmen-
tation methodsarisefrom patternrecognitionproblemsand have
beenconstructedo identify distinctobjects.A generabverview of
basicsggmentatiormethodscanbefoundin thebook by Niemann
[11].

In contrastto traditionalseggmentatiormethodsthe methodwe
proposedoesnot generataliscretedecisions.This meanghatthe
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uncertaintyassociateavith the proposedransformatioris alsore-
flectedin the final visualizationof the dataset. The methodwe
proposes a multi-scalemethod which is basedon morphological
operationsThisapproachrequiresewer parameterso be adjusted
by the userandincorporatesspatialinformation. In the final re-
sult, regionsof the volume,wherea definedfrequeng is present,
arelabeledwith a certaincolor. This multi-scalemethodhasbeen
constructedn analogyto thewavelettransformation.

The applicationof scale-spac¢heory hasbecomevery popu-
lar in the computemgraphicsandpatternanalysiscommunityalong
with theincreasingapplicationof the wavelettransformation.The
wavelettransformatiorhasnot only beenusedfor imagecompres-
sionasdescribeddy Stollnitz et. al. [16], but alsoto detectedges
andto characterizesignalpropertiesasexplainedin the articlesof
Mallat et. al. [8, 6, 7]. GauchandPizerdetectcertainimagefea-
turesby trackingsignalfeaturesthroughscalespace[1l]. Wester
mannappliedthe ideaof the wavelettransformatiorin [18] to the
areaof volumevisualization. Hereagain,not only the possibility
of datacompressions important,but alsothe ideaof edgeinfor-
mationthatis representedly thewaveletcoeficients. Westermann
rendersthe wavelet coeficients, that representhe gradientinfor-
mation at a certainlevel of detail [19]. The ideato incorporate
gradientinformationinto the volume renderingprocesswas first
presentedy Levoy [5]. In contrastto the waveletapproachese
doesnot make useof multi-scaleinformation. Muraki [9] applied
thewavelettransformatiorio volumedatasets to rendertheLapla-
cianof the Gaussiamf thesedatasets.

The disadwantageof the wavelettransformandthe otherscale-
spacenethodsthatarebasednlinearfilters,is thefactthatthean-
alyzedstructuresbecomedistorted,especiallyon lower frequeng
scalesOneclassof specialnon-linearfilters, thatdo notflattenthe
original contoursarethe morphologicabperationsMorphological
operationgomputetheminimumandthe maximumof pixel values
within a certainscope.Beforethe maximumandthe minimumis
computedyaluesof thesocalledstructuringelemenmaybeadded
or subtractedA goodintroductionto gray-scalenorphologycanbe
foundin Sternbeg [15]. Theoperationthatis appliedin thiswork,
is the openingoperatorwhich is a combinationof the erosionand
dilatationoperator

The morphologicaloperatorshave beenmainly usedin pattern
recognitionto performsomekind of preprocessingeforesegmen-
tation methodsare applied. Very often, the morphologicalopera-
tionsareusedin combinationwith region growving methods.This
combinationis appliedby HdhneandHansor2] andby Saviroon-
pornet. al. [12]. They bothusetheideato separatelistinctorgans
in tomographidatasets.First,avolumeof interests definedoy the
user thenan openingoperatoris appliedto breakdown the small
bridgesconnectingthe organs,andfinally, the organsthemseles
areidentified by applyinga region growing algorithmto the pre-
pareddataset. Thisis in contrastto the approachpresentedhere,
wherewe do not wantto generatesurfacedescriptionsof distinct
organsor othervolumetricobjects.Ouraim s to color differentre-
gionsaccordingo thespatialfrequeng, thatis presentvithin them
andto male useof thevaguenesghatcanbeexpressedy volume



rendering. This vaguenesss causedby unsharpborders,that are
generatedby this soft sgmentatiormethod.

Most of the work, that combinesmorphologicaloperatorawith
scale-spactheoryhasbe donein orderto solve a certainclassof
partial differentialequations.Suchexamplesare describedn van
denBoomgardandSmeulderg17] andin Sapiroet. al. [14]. Both
papersrely on erosionor dilatationoperatorsof increasingsizeto
generataheir scalespace. The diamondstructuringelement that
is usedin ouralgorithm,is alsointroducedhere.Jackway andDe-
riche[3] usethescale-spacapproacho trackimagefeaturesacross
differentscalesjn orderto seewhenthey disappearin contrastto
theseapproacheghatuseeithererosionor dilatationoperatorsye
usetheopeningoperatorfor eachscale.Theresultingscaleis com-
putedby the differenceof the original imageandthe openedone.
This is donein analogyto the wavelettransformation.The open-
ing operatorsuppressesertaindetailsof the original dataset. The
resultof the openingoperatorcorrespond$o the smoothingcoefi-
cientsin waveletdecomposition.Thusthe differencebetweerthe
original andthe openeddatasetcorrespondso the wavelet coef-
ficientsandrepresents certainfrequeng spectrum.Theresulting
coeficientsarethenmappedo thecoloremissiornvaluesof thevol-
umedirectly usinga thresholdanda constanmultiplicationfactor

Sakasand Walter [13] have constructeda multi-resolutional
analysis,that makes use of morphologicaloperatorsby applying
anopeningoperatiorto thelow pasdiltereddataset.In contrasto
our methodthatusesopeningoperatorf differentsize,the multi-
scaleaspectis provided by the usageof differentfrequenciesor
the low passfilter. The openingoperatoris kept the same. Also
in contrastto our approachthey apply binary morphologyto the
thresholdediataset.

Themajorproblemin theapplicationof morphologyis, thatmor
phologyis still averytime consumingoperation.n orderto tackle
this problem,we decomposé¢he expensve operationwith a large
structuringelementinto several smalleronesasit is explainedin
ZhuangandHaralick[20]. They reducethe sizeof the structuring
elementput keepits dimension.In this paperwe will demonstrate
a techniqueto decomposdhe multi-dimensionalstructuringele-
mentsinto effectively one-dimensionabnesusinga pseudaensor
productapproach.The resultingmorphologicaloperationscanbe
efficiently parallelizedusingstandard®OSIX threadqseeNichols
et. al. [10]).

In thenext sectionwe describehedataanalysigprocessn more
detail. Theseparatiorandthe processingf thedifferentfrequeng
spectrais discussedere. Specialemphasiss put on the morpho-
logical operators,the scale-spacaspectand the analogyto the
waveletanalysis. Section3 focussesn the efficient implementa-
tion of the morphologicaloperators. It discusseshe decomposi-
tion of the operatorsandthe pseuddensormproductbasedapproach
includinga comparisorof the compleity, aswell asthe possibili-
tiesof parallelization Someexperimentatesultsncludingmedical
and technicalapplicationstogetherwith performancesvaluations
arepresentedh sectiord. We concludewith someideason extend-
ing themethodanddescribingpossibilitiesfor futurework.

2 Hierarchical Analysis

Morphologicaloperatorsareaspeciaform of non-lineafilters, that
have beenmainly inventedto separater to combinedifferentob-
jectsin animagewith a minimumdistortionof the contours. Pri-
marily, morphologicabperationsredefinedfor binaryimagesand
arethenextendedto gray-scalédmages. ConsiderX andY to be
two binaryimages.ThentheerosionZ := X Y is definedas

_ LiV(,y) 1 Yigy) =1 = Xiog,j—y) =1
2y = { 0 : otherwise - (D)

Thesecondf thebasicmorphologicabperatorss thedilation op-
eratorZ := X @ Y which canbe consideredasthe dual operator
to the erosion:

1:3(xz,y): Y =1AX¢1e.j =1

Zig) = { 0: oif(he}"z;ise(%y) (o) - (@
The erosionoperatorcuts away certain partsof the boundaryof
the analyzedimage. The amountthatis cut away is specifiedby
the structuringelementY”, which is usuallyquite smallerthanthe
image.In contrasthedilationoperatoenlagestheanalyzedmage
structures.

Thesebasicoperatorscan then be combinedto more comple
operations.The next two operationghat evolve from erosionand
dilation aretheopeningandtheclosingoperator Theclosingoper
atoris definedas

XoY=(X®Y)oY 3)
andtheopeningoperatoiis definedas
XQY=(Xev)eyv. (4)

Generallyspeakingthe openingoperatortendsto breakup small
bridgesbetweerconnectedmageregionswhereaghe dilation op-
eratorfills smallgapsin solid componentsin this paperwe apply
theopeningoperatoiin orderto analyzethe datasets.

Theseoperatorsare just definedon binary dataup to now. In
orderto extend the definition to gray-scaledata, the gray-scale
datais transformedo a binary datasetwith an extra dimension.
In this way animageis transformedo a three-dimensionatiata
set. The axis pointingalongthe dimensionthatcorrespondso the
gray-scales filled with elementaip to the heightcorrespondingo
the gray level value. In orderto implementgray-scalemorphol-
ogy, this lifting into the extra dimensioncan be doneimplicitly
by appropriatelydefiningthe dilation andthe erosionoperatorgor
a two-dimensionadatasetin gray-scale. The dilation operation
Z := X & Y with thestructuringelementY” is now definedas

Zti.g) = max{X(imzj-y) + Y} ®)

whereZ, X andY representhe gray-scalevaluesof the dataset.
In accordancéheerosionoperatorZ := X ©'Y becomes

Zi.5) = min{X(ita),(+0) ~ Yeem} - ©)

The openingand closing operatorsare definedautomaticallyfor
gray-scalamorphologyasthey areconstructechgainfrom a com-
binationof the erosionanddilation operators We usethe opening
operatorfor two dimensionson imagesand for threedimensions
for volumerenderingpurposesThethree-dimensionalefinitionis
analogouso thetwo dimensionatase All thesedefinitionscanbe
foundin Sternbeg andStanle [15].

The structuringelementwe use exhibits a diamondstructure.
Dependingon the size of the elementwhich is indicatedby max
wheretheindicesrangefrom 0 . . . maz, andanadditionalscaling
factor which is definedby factor, the structuringelementY” is

definedas
max . max
= -li-mE) @

for the two dimensionalcase. As an example,the structuringel-
ementwith the values factor = 1 andmaxz = 2 is sketchedin
Fig.5.

The basictransformationthatis appliedin the presentealgo-
rithm is the openingof the datasetandthe computatiorof the dif-
ferenceto the dataset, thathasbeenopenedwith a smallerstruc-
turing element.For thecasethatthis smallerelementasanextent
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Figurel: Theresultof theanalysigprocedure

of one(mazx = 0), which is a neutralelementwith respecto the
openingoperationthis processs illustratedfor a one-dimensional
gray-scalesignalin Fig. 1. On the left handside a coarsestruc-
tureis shawvn, wherein factthe boundariesredetected.Theright
handside shavs a smallerstructure thatis eliminatedin total by
the openingoperationwith a larger structuringelement,and thus
the differencesignalreflectsthe completeoriginal signal.

In orderto generatea multi-scalemethod,the differencesare
computedwith structuringelementof increasingsize. Theresult-
ing stepscorrespondo different spatialfrequenyg spectra. This
constructionhasbeendonein analogyto the wavelettransforma-
tion, wherean original signalis low passediltered several times
usingsomesmoothingunction. Thecomputedvaveletcoeficients
for differentscalescorrespondo the computedifferencedatasets
in our case.In contrastto the wavelettransformationtheincrease
in sizeof the structuringelementcanvary from scaleto scale.The
morphologicaloperationsare not injective andthusnot invertible,
which is aremarkablaifferenceto the wavelettransformation.n
the caseof morphologicaloperationgherearealsono orthogonal
sub-spacesyhichareconstructed.

In principle, the morphologicalanalysiscould be applied for
mary differentscales.For practicalreasonshowever, we restrict
the algorithmto four scalesresultingin three differencesignals
which correspondo low, middle andhigh spatialfrequenciesFor
a three-dimensionascalardataset this means,that we compute
threequantitiesvhich aretheintensitief therespectie frequenyg
bandfor eachvoxel. In orderto corvey this informationwe usedi-
rectvolumerenderingwhich allows usto visualizestructuredn a
volumetricdatasetby assigningdifferentcolorsandopacities.In
contrasto traditionalvolumeray-castingwherethe RGBA values
arederiveddirectly from the scalarvaluesof the datasetby means
of transferfunctions,we generatehe threecolor componentsed,
greemandblueandtheabsorptiorcoeficientdirectlyfromthecom-
putedintensitiesof the frequeng spectrathusincorporatingalso
spatialinformation.

The overall dataflow of the analysisprocesss shawn in Fig. 2.
Four openingoperationswith structuringelementsof increasing

original data
I
eroded signal eroded signal eroded signal eroded signal
level a level b level ¢ level d
opened signal opened signal opened signal opened signal
level a level b level ¢ level d
difference difference difference
signal signal signal
raw blue raw green raw red
signal signal signal
thresholded thresholded
- H thresholded
blue signal green signal red signal
[ [
scaled blue scaled green scaled red absorption
signal signal signal coefficient

Figure2: Theoverall dataflow of themorphologicaknalyzer

sizeare performedall together The sizesof the appliedstructur
ing elementshouldbe aboutthe featuresize,thatis to be colored.
The three color componentgesult from the differencesbetween
two differentscaleseach. The blue componenievolves from the
differenceof the secondandthe first openingoperation the green
from the secondandthe third oneandthe red componenfrom the
fourthandthethird openingoperation.In orderto generatehefinal
colorvalues theresultingthreecomponentsreassignegriorities
amongeachotherandthey arethresholdedvith anindicatedabso-
lute value. The global thresholdinghasbeenprovento be useful
for suppressingrtifactsandnoisein the dataset. If thesignalof a
highfrequeng bandexceedsa certainthresholdthesignalsfor the
lower frequenyg bandsare suppressedThe priority of the higher
frequeny bandsis reasonablesinceseveral frequeng bandsquite
oftenoccurin the sameposition. The signalsof all bandsarenor
malizedto a givenvaluerangeandmaybemultiplied by a constant
factorlateron. This frequeng informationcanalsobeinterpreted
asacharacterizatioof thefeaturesize. Theopacityis derivedfrom
alinearcombinationof the threeemissiornvaluesfor thethreecol-
ors. TheresultingRGBA dataarefinally fed to a simplevolume
ray-casterthatuseshesevaluesdirectly for thecomputatiorof the
light transportequation.A generalimpressionof this methodcan
beseerin image7(g). Here ,themulti-scalemorphologicabnalysis
of the CT-scanof a cup automaticallyresultsin a color coding of
thewall thickness.

Since someof the featuresof the proposedmethodare diffi-
cult to understandn the three-dimensionatase we also provide
sometwo-dimensionabkyntheticexamples.In theseexamplesthe
threefrequeng scalesvhichareactuallyprocessedremappedo a
gray-scalevalue. An absorptiorcoeficientis not computed Since
all frequeng spectraareindicatedby the samerangeof gray-scale
valueswe have providedanadditionalannotation.

A first exampleis shavn in Fig. 3 wherethe original imagein
theupperleft cornerconsistof threesquare®f differentsize. The
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Figure3: Two-dimensionaéxamplefor the procedure

imageshawn in the lower left cornerrepresentan analyzeddata
set,wherenoinitial openinghasbeenperformed.This meanghat
thestructuringelementusedat level a hasanextensionof one.The
big squareconsistsof threeregionsof differentsizes. The central
region is dueto the lowestfrequeng part. Towardsthe outsideof
the rectanglesthe regionsthat correspondo the middle andthe
highfrequeng bandcanbefound. Theregionsareseparatedjuite
strictly, asthe lower frequeng bandsare suppressedif thereis
a signalwith a minimum strengthat one of the higherfrequenyg
bands.

The imagein the lower right cornerhasbeencomputedwith a
structuringelemenbf the samesize,but thevalue factor of equa-
tion (7) hasbeenincreasedThis resultsin a holein the middle of
the big rectangle. The extra scalingfactorincreaseghe pitch of
thediamondandthusreducegshe areawherea non-zeradifference
appears.

Finally therectanglén theupperrightimagehasbeengenerated
by afilter cascadewherethefirst openingoperatorwhich hasbeen
appliedat level a, hasuseda relatively large structuringelement.
Theresultis, thatthis openingoperationcompletelyeliminatedthe
small rectangle. The appearancef the otherrectangleshasbeen
left nearlyunchangedThis could have not beenaccomplishedis-
ing linear filter techniquessincethe small rectanglewould never
disappeaentirely andthe structureof thelargerrectanglesvould
becomedistorted. The approachof Sakasand Walter [13] would
also producethis effect, as the applied low-passfilter in combi-
nationwith a small morphologicaloperationwould not be ableto
suppresshesmallrectangle.

Onecanalsoseethatthereis a preferencef horizontalandver-
tical edgesespeciallyin theimagein the upperright corner The
anisotroy phenomenois dueto thediamondstructureof thestruc-
turing element. This anisotroy phenomenorcanalsobe seenin
Fig. 4, wherea numberof circles have beentransformed. Espe-
cially in the representatiomf the lower frequeng band,one can
clearly seethe preferenceor vertical and horizontaledges. The
reasorfor choosingthis structuringelementwill becomeclearin
thenext section.

%y
high frequency

middle frequenﬁ?/;

low frequency

Original Data Set

Analyzed Data Set

Figure4: Demonstratiorof the anisotroy propertyof the applied
structuringkernel

3 Efficient Algorithm

Thegeneraproblemthatcomesalongwith theapplicationof mor

phologicaloperationss the efficiengy aspect. The computational
compleity increasewith the squareof the size of the structuring
elementin the two-dimensionataseandwith cubiccompleity in

the three-dimensionatase. This is especiallyproblematicin our

casewherestructuringelementf sizesup to 17 areusedto iden-
tify structuresn theanalyzedlataset.

3.1 Structuring Element Decomposition

Thegeneralpproacho copewith the efficiengy problemis to de-
composea large structuringelementinto severalsmallerones.The
basicrelations,that are appliedhereare describedn Zhuangand
Haralickas[20]

Xo(Yoz)=(XoY)oZ (8)
andrespectiely
XoYo2)=(XaY)e Z. 9)

This meansjf onecanfind a decompositiorof a large structuring
elementS into severalsmallerones:

S:Hl@HQEBHgGB...@HN, (10)

onecanimplementthe morphologicaloperatiorwith alarge struc-
turing elementby the applicationof severalsmallerones:

((XeHi))eH,y)...)6Hnx (11)
((X®H\)®Hy)..)®Hy. (12)

XoS
XeS =

Thistechniques alsoappliedin linearfiltering, wherefor instance
the corvolution with a large Gaussiarcanbe simulatedby theiter-
atedconvolution with several small Gaussiarfilters. The diamond
structuringelement,that is usedin our casecan be simulatedby
iteratively applyingthe structuringelementshavn in Fig. 5 for the
two-dimensionatase.Whenthis structuringelementis dilatedby
itself, with the valuesoutsidethe shavn 3x3-schemeassumedo
be —oo, onegetsa new pyramidalelementwith a new mazx size
of four. For eachfurther iteration, the structuringelementsize
increasedy anothertwo elementsn eachdimension. The extra
scalingfactor factor canalsobe appliedto the small structuring
elementsandit is propagatedhroughtheiterationprocess.For a
structuringelementto keepits shapewhenbeingself-dilatediter-
atively a necessargonditionis, thatit is cornvex andsymmetrical



Figure5: The primitive structuringelementor two dimensions

with respecto all coordinateaxes. Thesepropertiesalsohold for
the diamondstructuringelementwhichis appliedhere.

If we assumethe extensionof a three-dimensionastructuring
elementobe2n+1, thenthenumberof additionsandcomparisons
to be performedor the computatiorof thevaluefor onevoxel sum
up to 8n® + 12n? + 6n + 1. For theiterative applicationof the
smaller structuringelementthe overall compleity reducesdowvn
to 27n. Theiterative applicationof structuringelementsesultsin
piecavise linear structuringelementsn consequencelsing this
kind of small sizedatomicstructuringelementwe getthe already
discussedliamondstructure.

In orderto simulatethestructuringelemenindicatedn equation
7, we proposea decompositiorinto threeelementdor the three-
dimensionatase.Thefirst of thesestructuringelementss defined
asfollows:

j=0Ak=0
—oo : otherwise

mex _|j — mez)

Ya(i,j,k) = { factor.( K

Thestructuringelementd, andY. aredefinedanalogouslyor the
y- andthe z-axis, which resultsin a permutationof the s, j, k in-
dices.Theseelementhave entriesof —oco at mostpositionsexcept
for onesinglestring parallelto oneof the coordinateaxis. Thefi-
nal structuringelementcan be composef the threestructuring
elements:

Y=Y.0) @Y, (13)

Thestructuringelementd,, Y; andY, arestill of thesamesizeas
theoriginalelement”. Buttheseatomicelementanbecomputed
very efficiently, asall positionsin the structuringelementwith an

entry of —oo canbe neglectedduring the computatiorof the mor

phologicaloperationpecaus¢hegeneratiorof theminimumor the
maximumwould definitely eliminatethe contrikution of theseele-
ments.Thisresultsin apureone-dimensionanalysisof thesignal
in oneof thethreedimensionsThis approachs similarto theten-
sor productdecompositiorappliedin the field of linear filtering.

In the caseof tensomproductwavelets,onealsogetsthe anisotroy

property thatresultsfrom theapplicationof thestructuringelement
Y.

If the size of the structuringelementis again2n + 1 the com-
putationalcompleity now resultsin 6n + 3, sincethe application
of aone-dimensionaltructuringelementasto be performedhree
times. Theelementd,, Y; andY, couldof coursebedecomposed
again,but this is not reasonablén the one-dimensionatase.The
applicationof a one-dimensionastructuringelementwith the size
of 2n + 1 resultsin 2n + 1 operations.If this elementwould be
decomposeihto several smalleroneswith anextentof three,the
computationatompleity would be 3n operations.

In the final resultthe openingof the datasetis performedas
follows:

XQY=(XoYa) o) eY,)aY.)aY,) dY, (14)

As theseoperationsvork on singlelines,thatareparallelto the x-,
y-, or z-direction,a rearrangemertf the datasetis donebetween

mostof the morphologicaloperations. The ideais to have a set
of vectors,that may be processedndependentlffrom eachother
In the beginning of the processa bundle of vectors,that contain
x-axisaligneddata,areerodedandthe new y-axis alignedvectors
areconstructed.Theseare erodedagainandthentransferedo z-
axisaligneddata.After anerosionof thesedatavectors theinverse
processs donewith thedilation. This overall processs sketched
in figure®.

3.2 Parallelization

Theoverall structurecanbe easilyparallelized.We have donethis
onasharednemoryarchitecturausingthe POSIXthreadstandard.
Thefirst possibility for parallelizationcanbe derived from Fig. 2.
After readingthe datasetfour threadsarespavnedto performthe
openingoperationdor the four requestedevels. For furthercom-
putationsthesethreadsarejoined afterwards. The following com-
putationalstepshave not beenparallelized,as the computational
time requiredthereis negligible in relation to the time needed
for the openingoperations.In consequencehe spavning of the
threadprobablywould be moreexpensie thanthegainin compu-
tationtime.

Thesethreadamayagainspavn somechild threadsTheerosion
anddilatationoperationsthatareperformedon a stringcanbepar
allelizedby assigninga bundleof stringsto eachthread which are
then processedndependently In orderto finish one of the mor
phologicaloperationsall sub-threadfiave to bejoinedagain.The
numberof sub-threads$o be spavnedcanbe specifiedby the user
If theanalyzedsolumehasasizeof 256° voxels, this would mean,
thata maximumof 4 - 2562 threadscouldbe computingin parallel
atonetime.

Althoughthis programhasbeenimplementedn a sharedmem-
ory architectureit would also be suitablefor a messageassing
mechanismsincethe datalocality of this problemis very high.
Oncethe datasetis copied,the differentopeningoperatorsio not
needto exchangedata until they are finished and the operators
working on the stringsonly needthe data,thatis codedinto these
strings.

4 Results

In orderto shav the usefulnesf this methodwe have applied
the morphologicalscalespaceanalysisto four datasets. All data
setsareCT scans.Thefirst oneis a scanof a cup, the secondone
represents humanhead ,the third onerepresentan engineblock
andfinally thelastonea simulatedCT scanof alung.

Thecupdataset(size512 - 512 - 50 voxels)is presentedh order
toillustratetheprincipal propertieof thedescribedalgorithm.The
main featureof the cup, thatis usedfor theillustration of our al-
gorithm, is the thicknesf thewall. Thethicknessof the material
increasefrom topto bottomandagainbecomesmallerin thevery
proximity of the bottom. In orderto visualizethis featurethe nec-
essaryalueshave beenadjustedasdescribedn thefirst columnof
tablel.

Theresultof this analysisin the color plate. Theimagesshav
the cup with all color componentsn image7(g), the images7(h)
and7(i) shav themiddleandthelow frequeng partof thevolume
separatelyTheimage7(h)with thegreencomponentilustratesthe
thicknesof thecupwalls. Thecolorintensityis highatthebottom
plate and at the upperpartsof the walls, while the middle partis
quitedark. This partof the cupis characterizedby a thicker wall,
ascanbe seenon image7(i), which reflectsthe lowestfrequeng
part. This imageexhibits the mostintensecolor values,wherethe
greencup hasits minimal values. In image 7(g), which contains
all frequenciespnecanclearly seethis changein color. Thenoise
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Figure6: Dataflow for oneopeningprocess

ParameteName Cup | Head | Engine | Lung
ElementSizeLevel A 1 3 3 1
ElementSizeLevel B 3 5 5 1
ElementSizeLevel C 9 11 11 1
ElementSizeLevel D 15 17 17 4
RedThreshold 0 30 0 0
GreenThreshold 100 | 10 0 0
Blue Threshold 30 0 0 5
RedScaling 07 |1 3.5 10
GreenScaling 05 | 15 0.6 8
Blue Scaling 0.7 | 05 0.5 2
RedAbsorptioninfluence | 0.1 | 0.8 0.3 0.2
GreenAbsorptioninfluence| 0.1 | 0.6 0.3 0.2
Blue Absorptioninfluence | 0.1 | 0.3 0.05 0.1

Tablel: Parametersisedfor thedatasets

thatsurroundghe cupis partof the datasetandcausedy the CT
scanner

As a medicalapplicationwe have investigateda CT scanof a
head,that hasa sizeof 256 - 256 - 113 voxels. The morphologi-
cal analysishasbeenappliedherein orderto increasethe spatial
impressiorof the volumerenderingof the dataset. The necessary
parametersrelistedin the secondcolumnof table1. The headis
shavn in image7(e). The plate behindthe headis the pad,which
supportedhe patient. The red part of the volume, that surrounds
the head,againcharacterizeshe low frequeng structuresof the
volume. The greenstructuresapproximatehe surfaceof the head
in amoreaccuratenanner Theanisotroy propertyagainmanifests
itself at thelow frequeng structure astheredregion at thetop of
the headappeargo be flattened. The combinationof the different
layers,thatdescribehe headsurfaceprovide this enhancedpatial
impression.In the front part of the head,that containsthe mouth
andthe noseregions, mary small detailsarereflectedashigh fre-
queng bluestructuresin contrasto themorehomogeneoubrain,
thatis coloredin solid green.For comparisonatraditionalvolume
renderingof the datasetis displayedn image7(f). Thisrendering
providesmoredetailedinformationabouttheinner structureof the
head but the spatialimpressiorof the overall headis quite low.

Thethird applicationof the morphologicalanalysisis a scanof
anengineblock. Its consistsof 256 - 256 - 110 voxelsandthe ap-
plied parametersrelistedin the third columnof table1. This en-
gineblock is characterizedby variouspartsof differentsizes.Our
methodautomaticallycolorsthosepartsof this engineblock differ-
ently andthusrevealsinformationaboutthe componenstructure.

DataSet | Resolution Computationallime
Cup 512512 -50 158sec
Head 256 - 256 - 113 80sec
Lung 256 - 256 - 175 122sec
Engine | 256 - 256 - 110 81sec

Table2: CPUtime for theanalysisof the datasets

The image 7(a) shavs the motor block renderedwith all colors,
while theimages7(b) and7(c) separatéhe componentsf low fre-
queng andmiddlefrequeng details.Two animationsf theengine
block areshavn in thevideo. Thefirst onerotatesheengineblock
with all color componentswvhile the secondone additionally cy-
clesthroughthe componentso provide a betterimpressiornof the
differentdetaillevels.

Thecylindersof the enginearecoloredin redasthey areavery
coarsestructurein theengineblock. Theinjectiontubesconsistof
very thin metal parts, that are representean the high frequeng
and fine granularstructurelevel. This canbe especiallyseenin
image7(b), wheretheinjectiontubeis avery articulatefeature but
it is nearlydisappeareth themiddlefrequeng scalein image7(c).
Mostof thesupportingstructure®f themotorblockarerepresented
at the middle level of detail, which is renderedn green. These
structurescan not be separatedy a traditional volume rendering
method asthey consistof nearlythe samevalue. This type of data
setseemdo bethemostsuitablefor our dataanalysismethod.

The volume renderingof the simulatedCT scanof the lung is
shavninimage7(d). Thisdatasethasanextensionof 256-256-175
voxels. In this imagethe thicknessof the airtubesis effectively
visualized. What one can seefrom this artificial datasetis that
wall thicknesof themaintubeappeardo bevery small,wherethe
walls of thefirst branchseemdo be very thick. For the rendering
of this imagethe priorization order of the threefrequeng spetra
hasbeeninversed.In this casethe lower frequenciesuppresshe
higherones.

All computationhiave beenperformedona SGI1 Onyx with four
R10000processorsunningat 196 MHz. The requiredcomputa-
tional timesfor the datasetsarelistedin table2. Thistimeis the
wall clocktime thatelapsedrom the beginningof thedataanalysis
until the RGBA valuesfor the completevolume have beencom-
puted. TherequiredCPU time increasedinearly with the number
of voxelsto be processedascould be expectedfrom the complex-
ity estimation. For standarddatasetsthe requiredCPU time for
thecomputatioris belov oneandhalf minuteandevenfor thecup,
whichis quitealargevolumetricdataset,it is belav threeminutes.



5 Conclusions

Constructinga scale-spacemethodin analogyto the wavelettrans-
formationusingmorphologicaloperatorshasprovento be a valu-
ableapproactin volumevisualization. The differentresultsof the
morphologicabnalysisndicateboundarystructuresndthey allow
to distinguishobjectsof differentcharacteristisizes.Iln contrasto
the applicationof traditionaltransferfunctionsour methodis eas-
ier to calibrateandit alsoincorporatespatialinformation. On the
otherhand,it is more applicationindependenaind more efficient
thanmost of the special-purpossggmentationtechniquesknown
from patternrecognition. The separatiorof dimensionsallows an
efficient parallelizationwith a potentiallyfine granularity

For future work we arethinking aboutincorporatingaspectof
region growing in orderto generatesurface models,that may be
combinedwith the volumerepresentationThe resultsof the mor
phologicaloperatorsnayalsobeusedo provide theexternalforces
for adeformablesurfacevisualizationtechnique Thedifferentfre-
queng levels found during the morphologicalanalysismay guide
the corversion processof the surfaceon differentlevels of reso-
lution. Theremight alsobe the possibilityto generatehe optical
propertiesof the volume by the morphologicalanalysisin a more
indirectway. This could be doneby the selectionof someprede-
fined transferfunctionslependingn the resultof the morphologi-
calanalysis.
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(a) Engineblock, sideview (b) Engineblock, high frequencies (c) Engineblock, middlefrequencies

(d) Lung dataset (e) CT-head morphologicabnalysis (f) CT-headclassicalvolumerendering
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Figure7: Volumerenderingapplicationsof themulti-scalemorphologicabnalysis



