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UniversiẗatErlangen-N̈urnberg,Germany

�
ABSTRACT

Onecommonproblemin thepracticalapplicationof volumevisu-
alizationis theproperchoiceof transferfunctionsin orderto color
differentpartsof thevolumemeaningfully. This interactiveprocess
canbeverycomplicatedandtimeconsuming.An alternative to the
adjustmentof transferfunctionsis theapplicationof segmentation
algorithms.Thesealgorithmsareoftendedicatedto a limited range
of datasetsandtendto beverycomputeintensive.

In this paperwe proposea morphologybasedhierarchicalanal-
ysisto estimatetheopticalpropertiesof thevolumeto berendered.
Thisapproachrequiresfewerparametersandincorporatesalsospa-
tial information,but it is far lesscomputeintensivethanmostof the
segmentationmethods.Thehierarchicalanalysisis constructedin
analogyto thewaveletanalysis,exceptfor thefact,thatnon-linear
filters are usedin our case. Thesemorphologicaloperatorshave
a lower distortionalinfluenceon the analyzedstructuresthan the
usuallinearfilters.

A specialdecompositionof the morphologicaloperatorswill
be discussed,that leadsto an efficient implementationof this ap-
proach.This techniquereducesthethreedimensionalanalysisto a
onedimensionalcomputation,asit is donein tensorproductbased
linearfilters. Theresultingdecompositionmayalsobeparallelized
easily. Wedemonstratetheusefulnessof theproposedtechniqueby
applyingit to medicalandtechnicaldatasets.

1 Intr oduction

Directvolumerenderinghasbecomeawidely appliedvisualization
methodover thelastseveralyears.An overview on volumevisual-
izationin generalcanbefoundin thebookof Kaufmann[4]. Oneof
themajorpracticalproblemsin volumevisualizationis theproper
choiceof transfer-functionsin orderto mapthe datato meaning-
ful opticalpropertiesof thevolumeto bevisualized.This is often
problematicastheapplicationof transfer-functionsjustmapsfrom
thedefinedfunctionvalueto theseopticalpropertiesanddoesnot
incorporatespatialinformation.

Onealternative to the applicationof transfer-functionsareseg-
mentationmethods,but thoseareusuallyapplicationspecificand
quitetime consuming.Segmentationmethodsarebuilt to generate
aninitial symbolicdescriptionof adataset.Thedescriptionmayfor
instancebealabelizationor therepresentationof anedge,but either
way, it is alwaysassociatedwith adiscretedecision.Many segmen-
tation methodsarisefrom patternrecognitionproblemsandhave
beenconstructedto identify distinctobjects.A generaloverview of
basicsegmentationmethodscanbefoundin thebookby Niemann
[11].

In contrastto traditionalsegmentationmethods,themethodwe
proposedoesnot generatediscretedecisions.This meansthat the�
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uncertaintyassociatedwith theproposedtransformationis alsore-
flectedin the final visualizationof the dataset. The methodwe
proposeis a multi-scalemethod,which is basedon morphological
operations.Thisapproachrequiresfewerparametersto beadjusted
by the userand incorporatesspatialinformation. In the final re-
sult, regionsof the volume,wherea definedfrequency is present,
arelabeledwith a certaincolor. This multi-scalemethodhasbeen
constructedin analogyto thewavelettransformation.

The applicationof scale-spacetheory hasbecomevery popu-
lar in thecomputergraphicsandpatternanalysiscommunityalong
with theincreasingapplicationof thewavelet transformation.The
wavelettransformationhasnot only beenusedfor imagecompres-
sionasdescribedby Stollnitz et. al. [16], but alsoto detectedges
andto characterizesignalpropertiesasexplainedin thearticlesof
Mallat et. al. [8, 6, 7]. GauchandPizerdetectcertainimagefea-
turesby trackingsignalfeaturesthroughscalespace[1]. Wester-
mannappliedthe ideaof thewavelet transformationin [18] to the
areaof volumevisualization. Hereagain,not only the possibility
of datacompressionis important,but alsothe ideaof edgeinfor-
mationthatis representedby thewaveletcoefficients.Westermann
rendersthe wavelet coefficients, that representthe gradientinfor-
mation at a certainlevel of detail [19]. The idea to incorporate
gradientinformation into the volume renderingprocesswas first
presentedby Levoy [5]. In contrastto the wavelet approacheshe
doesnot make useof multi-scaleinformation. Muraki [9] applied
thewavelettransformationto volumedatasets,to rendertheLapla-
cianof theGaussianof thesedatasets.

Thedisadvantageof the wavelet transformandthe otherscale-
spacemethods,thatarebasedonlinearfilters,is thefactthatthean-
alyzedstructuresbecomedistorted,especiallyon lower frequency
scales.Oneclassof specialnon-linearfilters,thatdo notflattenthe
originalcontoursarethemorphologicaloperations.Morphological
operationscomputetheminimumandthemaximumof pixel values
within a certainscope.Beforethe maximumandtheminimumis
computed,valuesof thesocalledstructuringelementmaybeadded
orsubtracted.A goodintroductiontogray-scalemorphologycanbe
foundin Sternberg [15]. Theoperation,thatis appliedin thiswork,
is theopeningoperator, which is a combinationof theerosionand
dilatationoperator.

The morphologicaloperatorshave beenmainly usedin pattern
recognitionto performsomekind of preprocessingbeforesegmen-
tation methodsareapplied. Very often, the morphologicalopera-
tionsareusedin combinationwith region growing methods.This
combinationis appliedby HöhneandHanson[2] andby Saiviroon-
pornet. al. [12]. They bothusetheideato separatedistinctorgans
in tomographicdatasets.First,avolumeof interestisdefinedby the
user, thenan openingoperatoris appliedto breakdown the small
bridgesconnectingthe organs,andfinally, the organsthemselves
are identifiedby applyinga region growing algorithmto the pre-
pareddataset. This is in contrastto the approachpresentedhere,
wherewe do not want to generatesurfacedescriptionsof distinct
organsor othervolumetricobjects.Ouraim is to colordifferentre-
gionsaccordingto thespatialfrequency, thatis presentwithin them
andto makeuseof thevagueness,thatcanbeexpressedby volume



rendering.This vaguenessis causedby unsharpborders,that are
generated� by thissoft segmentationmethod.

Most of the work, that combinesmorphologicaloperatorswith
scale-spacetheoryhasbedonein orderto solve a certainclassof
partialdifferentialequations.Suchexamplesaredescribedin van
denBoomgardandSmeulders[17] andin Sapiroet. al. [14]. Both
papersrely on erosionor dilatationoperatorsof increasingsizeto
generatetheir scalespace.The diamondstructuringelement,that
is usedin ouralgorithm,is alsointroducedthere.Jackway andDe-
riche[3] usethescale-spaceapproachto trackimagefeaturesacross
differentscales,in orderto seewhenthey disappear. In contrastto
theseapproaches,thatuseeithererosionor dilatationoperators,we
usetheopeningoperatorfor eachscale.Theresultingscaleis com-
putedby thedifferenceof the original imageandthe openedone.
This is donein analogyto the wavelet transformation.The open-
ing operatorsuppressescertaindetailsof theoriginal dataset.The
resultof theopeningoperatorcorrespondsto thesmoothingcoeffi-
cientsin waveletdecomposition.Thusthe differencebetweenthe
original andthe openeddatasetcorrespondsto the wavelet coef-
ficientsandrepresentsa certainfrequency spectrum.Theresulting
coefficientsarethenmappedto thecoloremissionvaluesof thevol-
umedirectlyusinga thresholdandaconstantmultiplicationfactor.

Sakasand Walter [13] have constructeda multi-resolutional
analysis,that makes useof morphologicaloperatorsby applying
anopeningoperationto thelow passfiltereddataset.In contrastto
our methodthatusesopeningoperatorsof differentsize,themulti-
scaleaspectis provided by the usageof different frequenciesfor
the low passfilter. The openingoperatoris kept the same. Also
in contrastto our approachthey apply binary morphologyto the
thresholdeddataset.

Themajorproblemin theapplicationof morphologyis, thatmor-
phologyis still a very timeconsumingoperation.In orderto tackle
this problem,we decomposethe expensive operationwith a large
structuringelementinto several smalleronesas it is explainedin
ZhuangandHaralick[20]. They reducethesizeof thestructuring
element,but keepits dimension.In thispaperwe will demonstrate
a techniqueto decomposethe multi-dimensionalstructuringele-
mentsinto effectively one-dimensionalonesusinga pseudotensor
productapproach.The resultingmorphologicaloperationscanbe
efficiently parallelizedusingstandardPOSIXthreads(seeNichols
et. al. [10]).

In thenext sectionwedescribethedataanalysisprocessin more
detail.Theseparationandtheprocessingof thedifferentfrequency
spectrais discussedhere. Specialemphasisis put on themorpho-
logical operators,the scale-spaceaspectand the analogyto the
wavelet analysis.Section3 focusseson the efficient implementa-
tion of the morphologicaloperators.It discussesthe decomposi-
tion of theoperatorsandthepseudotensorproductbasedapproach
includinga comparisonof thecomplexity, aswell asthepossibili-
tiesof parallelization.Someexperimentalresultsincludingmedical
and technicalapplicationstogetherwith performanceevaluations
arepresentedin section4. Weconcludewith someideasonextend-
ing themethodanddescribingpossibilitiesfor futurework.

2 Hierar chical Anal ysis

Morphologicaloperatorsareaspecialformof non-linearfilters,that
have beenmainly inventedto separateor to combinedifferentob-
jectsin an imagewith a minimumdistortionof the contours.Pri-
marily, morphologicaloperationsaredefinedfor binaryimagesand
arethenextendedto gray-scaleimages.Consider
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Thesecondof thebasicmorphologicaloperatorsis thedilationop-
erator �?� � �A@ � which canbeconsideredasthedualoperator
to theerosion:

� �+
�� �B� � ��� �#CD�����= #"E�&� �+%&� '(� � �GF � �+
IHJ%&� �BHJ'(� � �. �0/91!3K5(7L8;:M<(5 > (2)

The erosionoperatorcuts away certainpartsof the boundaryof
the analyzedimage. The amountthat is cut away is specifiedby
thestructuringelement� , which is usuallyquitesmallerthanthe
image.In contrastthedilationoperatorenlargestheanalyzedimage
structures.

Thesebasicoperatorscan thenbe combinedto morecomplex
operations.Thenext two operationsthatevolve from erosionand
dilationaretheopeningandtheclosingoperator. Theclosingoper-
atoris definedas �
N �O�P� �?@ �Q" 	 � (3)

andtheopeningoperatoris definedas�SR �P�O� �?	 �Q" @ � > (4)

Generallyspeakingthe openingoperatortendsto breakup small
bridgesbetweenconnectedimageregionswhereasthedilationop-
eratorfills smallgapsin solid components.In this paperwe apply
theopeningoperatorin orderto analyzethedatasets.

Theseoperatorsare just definedon binary dataup to now. In
order to extend the definition to gray-scaledata, the gray-scale
datais transformedto a binary datasetwith an extra dimension.
In this way an imageis transformedto a three-dimensionaldata
set. Theaxispointingalongthedimensionthatcorrespondsto the
gray-scaleis filled with elementsup to theheightcorrespondingto
the gray level value. In order to implementgray-scalemorphol-
ogy, this lifting into the extra dimensioncan be doneimplicitly
by appropriatelydefiningthedilationandtheerosionoperatorsfor
a two-dimensionaldataset in gray-scale.The dilation operation��� � �?@ � with thestructuringelement� is now definedas�E�+
�� �B���UTWV9X%&� 'ZY � �+
�,-%&� �2,-'[�-\]���+%&� '(�=^ (5)

where � ,
�

and � representthegray-scalevaluesof thedataset.
In accordancetheerosionoperator�_� � �?	 � becomes� �+
�� ��� �`Tba+c%&� 'EY � �+
dHJ%2�e� � �BHJ'(�gf � ��%&� '(� ^ > (6)

The openingand closing operatorsare definedautomaticallyfor
gray-scalemorphologyasthey areconstructedagainfrom a com-
binationof theerosionanddilation operators.We usetheopening
operatorfor two dimensionson imagesandfor threedimensions
for volumerenderingpurposes.Thethree-dimensionaldefinitionis
analogousto thetwo dimensionalcase.All thesedefinitionscanbe
foundin Sternberg andStanley [15].

The structuringelementwe useexhibits a diamondstructure.
Dependingon thesizeof theelement,which is indicatedby hji0�
wherethe indicesrangefrom

. >B>[> hki0� , andanadditionalscaling
factor, which is definedby l6inmo1!/97 , the structuringelement� is
definedas� 
�� � �_l6i0m�1!/97qpgrsp hji0� f�ttt : f hki0�u ttt fvttt w f hji0�u ttt x (7)

for the two dimensionalcase. As an example,the structuringel-
ementwith the values l6i0m�1!/97y� �

and hjin�z� u
is sketchedin

Fig. 5.
The basictransformation,that is appliedin the presentedalgo-

rithm is theopeningof thedatasetandthecomputationof thedif-
ferenceto the dataset,thathasbeenopenedwith a smallerstruc-
turingelement.For thecase,thatthissmallerelementhasanextent
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Figure1: Theresultof theanalysisprocedure

of one( hki0�{� .
), which is a neutralelementwith respectto the

openingoperation,this processis illustratedfor a one-dimensional
gray-scalesignal in Fig. 1. On the left handsidea coarsestruc-
tureis shown, wherein fact theboundariesaredetected.Theright
handsideshows a smallerstructure,that is eliminatedin total by
the openingoperationwith a larger structuringelement,andthus
thedifferencesignalreflectsthecompleteoriginalsignal.

In order to generatea multi-scalemethod,the differencesare
computedwith structuringelementsof increasingsize.Theresult-
ing stepscorrespondto different spatial frequency spectra. This
constructionhasbeendonein analogyto the wavelet transforma-
tion, wherean original signal is low passedfiltered several times
usingsomesmoothingfunction.Thecomputedwaveletcoefficients
for differentscalescorrespondto thecomputeddifferencedatasets
in our case.In contrastto thewavelet transformation,the increase
in sizeof thestructuringelementcanvary from scaleto scale.The
morphologicaloperationsarenot injective andthusnot invertible,
which is a remarkabledifferenceto thewavelet transformation.In
the caseof morphologicaloperationstherearealsono orthogonal
sub-spaces,whichareconstructed.

In principle, the morphologicalanalysiscould be applied for
many differentscales.For practicalreasons,however, we restrict
the algorithm to four scalesresulting in threedifferencesignals
which correspondto low, middleandhigh spatialfrequencies.For
a three-dimensionalscalardataset this means,that we compute
threequantitieswhicharetheintensitiesof therespectivefrequency
bandfor eachvoxel. In orderto convey this informationweusedi-
rect volumerenderingwhich allows us to visualizestructuresin a
volumetricdatasetby assigningdifferentcolorsandopacities.In
contrastto traditionalvolumeray-casting,wheretheRGBA values
arederiveddirectly from thescalarvaluesof thedatasetby means
of transfer-functions,we generatethe threecolor componentsred,
greenandblueandtheabsorptioncoefficientdirectlyfromthecom-
putedintensitiesof the frequency spectra,thusincorporatingalso
spatialinformation.

Theoverall dataflow of theanalysisprocessis shown in Fig. 2.
Four openingoperationswith structuringelementsof increasing

original data

eroded signal
level a

eroded signal
level b

eroded signal
level c

eroded signal
level d

opened signal
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opened signal
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Figure2: Theoverall dataflow of themorphologicalanalyzer

sizeareperformedall together. The sizesof the appliedstructur-
ing elementsshouldbeaboutthefeaturesize,that is to becolored.
The threecolor componentsresult from the differencesbetween
two differentscaleseach. The blue componentevolves from the
differenceof thesecondandthefirst openingoperation,thegreen
from thesecondandthethird oneandtheredcomponentfrom the
fourthandthethird openingoperation.In orderto generatethefinal
color values,theresultingthreecomponentsareassignedpriorities
amongeachotherandthey arethresholdedwith anindicatedabso-
lute value. The global thresholdinghasbeenproven to be useful
for suppressingartifactsandnoisein thedataset. If thesignalof a
highfrequency bandexceedsacertainthreshold,thesignalsfor the
lower frequency bandsaresuppressed.The priority of the higher
frequency bandsis reasonable,sinceseveralfrequency bandsquite
oftenoccurin thesameposition. Thesignalsof all bandsarenor-
malizedto agivenvaluerangeandmaybemultipliedby aconstant
factorlateron. This frequency informationcanalsobeinterpreted
asacharacterizationof thefeaturesize.Theopacityis derivedfrom
a linearcombinationof thethreeemissionvaluesfor thethreecol-
ors. The resultingRGBA dataarefinally fed to a simplevolume
ray-caster, thatusesthesevaluesdirectlyfor thecomputationof the
light transportequation.A generalimpressionof this methodcan
beseenin image7(g). Here,themulti-scalemorphologicalanalysis
of the CT-scanof a cupautomaticallyresultsin a color codingof
thewall thickness.

Sincesomeof the featuresof the proposedmethodare diffi-
cult to understandin the three-dimensionalcase,we alsoprovide
sometwo-dimensionalsyntheticexamples.In theseexamples,the
threefrequency scaleswhichareactuallyprocessedaremappedto a
gray-scalevalue.An absorptioncoefficient is not computed.Since
all frequency spectraareindicatedby thesamerangeof gray-scale
values,wehaveprovidedanadditionalannotation.

A first exampleis shown in Fig. 3 wherethe original imagein
theupperleft cornerconsistsof threesquaresof differentsize.The
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Figure3: Two-dimensionalexamplefor theprocedure

imageshown in the lower left cornerrepresentsan analyzeddata
set,whereno initial openinghasbeenperformed.This meansthat
thestructuringelementusedat level a hasanextensionof one.The
big squareconsistsof threeregionsof differentsizes.Thecentral
region is dueto the lowestfrequency part. Towardstheoutsideof
the rectangles,the regions that correspondto the middle and the
high frequency bandcanbefound.Theregionsareseparatedquite
strictly, as the lower frequency bandsare suppressed,if there is
a signalwith a minimum strengthat oneof the higher frequency
bands.

The imagein the lower right cornerhasbeencomputedwith a
structuringelementof thesamesize,but thevalue l6i0m�1=/L7 of equa-
tion (7) hasbeenincreased.This resultsin a hole in themiddleof
the big rectangle. The extra scalingfactor increasesthe pitch of
thediamondandthusreducestheareawhereanon-zerodifference
appears.

Finally therectanglein theupperright imagehasbeengenerated
by afilter cascade,wherethefirst openingoperator, whichhasbeen
appliedat level a, hasuseda relatively large structuringelement.
Theresultis, thatthisopeningoperationcompletelyeliminatedthe
small rectangle.The appearanceof the otherrectangleshasbeen
left nearlyunchanged.This couldhave not beenaccomplishedus-
ing linear filter techniques,sincethe small rectanglewould never
disappearentirelyandthestructuresof thelargerrectangleswould
becomedistorted. The approachof SakasandWalter [13] would
also producethis effect, as the applied low-passfilter in combi-
nationwith a smallmorphologicaloperationwould not beableto
suppressthesmallrectangle.

Onecanalsoseethatthereis apreferenceof horizontalandver-
tical edgesespeciallyin the imagein the upperright corner. The
anisotropy phenomenonisdueto thediamondstructureof thestruc-
turing element. This anisotropy phenomenoncanalsobe seenin
Fig. 4, wherea numberof circleshave beentransformed.Espe-
cially in the representationof the lower frequency band,onecan
clearly seethe preferencefor vertical andhorizontaledges. The
reasonfor choosingthis structuringelementwill becomeclear in
thenext section.

Original Data Set Analyzed Data Set

Figure4: Demonstrationof theanisotropy propertyof theapplied
structuringkernel

3 Efficient Algorithm

Thegeneralproblem,thatcomesalongwith theapplicationof mor-
phologicaloperationsis the efficiency aspect.The computational
complexity increaseswith thesquareof thesizeof thestructuring
elementin thetwo-dimensionalcaseandwith cubiccomplexity in
the three-dimensionalcase. This is especiallyproblematicin our
case,wherestructuringelementsof sizesup to 17 areusedto iden-
tify structuresin theanalyzeddataset.

3.1 Structuring Element Decomposition

Thegeneralapproachto copewith theefficiency problemis to de-
composea largestructuringelementinto severalsmallerones.The
basicrelations,that areappliedherearedescribedin Zhuangand
Haralickas[20] �?	 ��� @ �*"|�O� �?	 �Z" 	 � (8)

andrespectively �S@ ��� @ �;"G�O� �?@ �Q" @ � > (9)

This means,if onecanfind a decompositionof a largestructuring
element} into severalsmallerones:}{�`~j� @ ~b� @ ~�� @ >[>[> @ ~b�_� (10)

onecanimplementthemorphologicaloperationwith a largestruc-
turingelementby theapplicationof severalsmallerones:�
	 } � �4�4� �?	 ~j�o" 	 ~��[" >[>B> " 	 ~b� (11)�
@ } � �4�4� �?@ ~ � " @ ~ � " >[>B> " @ ~ � > (12)

This techniqueis alsoappliedin linearfiltering, wherefor instance
theconvolution with a largeGaussiancanbesimulatedby theiter-
atedconvolution with severalsmallGaussianfilters. Thediamond
structuringelement,that is usedin our casecanbe simulatedby
iteratively applyingthestructuringelementshown in Fig. 5 for the
two-dimensionalcase.Whenthis structuringelementis dilatedby
itself, with the valuesoutsidethe shown 3x3-schemeassumedto
be f*� , onegetsa new pyramidalelementwith a new hki0� size
of four. For eachfurther iteration, the structuringelementsize
increasesby anothertwo elementsin eachdimension. The extra
scalingfactor l6i0m�1=/L7 canalsobe appliedto the small structuring
elementsandit is propagatedthroughthe iterationprocess.For a
structuringelementto keepits shapewhenbeingself-dilatediter-
atively a necessaryconditionis, that it is convex andsymmetrical
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Figure5: Theprimitivestructuringelementfor two dimensions

with respectto all coordinateaxes. Thesepropertiesalsohold for
thediamondstructuringelement,which is appliedhere.

If we assumethe extensionof a three-dimensionalstructuring
elementto be

u9� \ � , thenthenumberof additionsandcomparisons
to beperformedfor thecomputationof thevaluefor onevoxel sum
up to � � � \ � u2� � \_� � \ �

. For the iterative applicationof the
smallerstructuringelementthe overall complexity reducesdown
to
u&�2�

. The iterative applicationof structuringelementsresultsin
piecewise linear structuringelementsin consequence.Using this
kind of smallsizedatomicstructuringelement,we get thealready
discusseddiamondstructure.

In orderto simulatethestructuringelementindicatedin equation
7, we proposea decompositioninto threeelementsfor the three-
dimensionalcase.Thefirst of thesestructuringelementsis defined
asfollows:

�-�n��:�� w ���#"|�
� l6i0m�1!/97qps�2� � %� f�� : f � � %� � "�� w � . F �b� .f*� ��/91!3K5(7L8;:M<(5

Thestructuringelements�J� and �-� aredefinedanalogouslyfor the
y- andthe z-axis,which resultsin a permutationof the :4� w �o� in-
dices.Theseelementshaveentriesof f*� atmostpositionsexcept
for onesinglestringparallelto oneof thecoordinateaxis. Thefi-
nal structuringelementcanbe composedof the threestructuring
elements: �P�O��� � @ � � " @ � � (13)

Thestructuringelements� � , � � and � � arestill of thesamesizeas
theoriginalelement� . But theseatomicelementscanbecomputed
very efficiently, asall positionsin the structuringelementwith an
entryof f*� canbeneglectedduringthecomputationof themor-
phologicaloperation,becausethegenerationof theminimumor the
maximumwould definitelyeliminatethecontribution of theseele-
ments.Thisresultsin apureone-dimensionalanalysisof thesignal
in oneof thethreedimensions.Thisapproachis similar to theten-
sor productdecompositionappliedin the field of linear filtering.
In thecaseof tensorproductwavelets,onealsogetstheanisotropy
property, thatresultsfrom theapplicationof thestructuringelement� .

If the sizeof the structuringelementis again
u9� \ �

the com-
putationalcomplexity now resultsin � � \�� , sincetheapplication
of aone-dimensionalstructuringelementhasto beperformedthree
times. Theelements� � , � � and � � couldof coursebedecomposed
again,but this is not reasonablein theone-dimensionalcase.The
applicationof a one-dimensionalstructuringelementwith thesize
of
u9� \ �

resultsin
u9� \ �

operations.If this elementwould be
decomposedinto several smalleroneswith an extentof three,the
computationalcomplexity wouldbe � � operations.

In the final result the openingof the dataset is performedas
follows:�
R �P�O�4�4�4�4� ��	 �-��" 	 � � " 	 �-��" @ �-�B" @ � � " @ �-� (14)

As theseoperationswork on singlelines,thatareparallelto thex-,
y-, or z-direction,a rearrangementof thedatasetis donebetween

most of the morphologicaloperations.The idea is to have a set
of vectors,that may be processedindependentlyfrom eachother.
In the beginning of the processa bundleof vectors,that contain
x-axisaligneddata,areerodedandthenew y-axisalignedvectors
areconstructed.Theseareerodedagainandthentransferedto z-
axisaligneddata.After anerosionof thesedatavectors,theinverse
processis donewith thedilation. This overall processis sketched
in figure6.

3.2 Parallelization

Theoverall structurecanbeeasilyparallelized.We have donethis
onasharedmemoryarchitectureusingthePOSIXthreadstandard.
Thefirst possibility for parallelizationcanbederived from Fig. 2.
After readingthedatasetfour threadsarespawnedto performthe
openingoperationsfor thefour requestedlevels. For furthercom-
putationsthesethreadsarejoinedafterwards.Thefollowing com-
putationalstepshave not beenparallelized,as the computational
time requiredthere is negligible in relation to the time needed
for the openingoperations.In consequence,the spawning of the
threadsprobablywouldbemoreexpensive thanthegainin compu-
tationtime.

Thesethreadsmayagainspawn somechild threads.Theerosion
anddilatationoperations,thatareperformedonastringcanbepar-
allelizedby assigninga bundleof stringsto eachthread,which are
thenprocessedindependently. In order to finish oneof the mor-
phologicaloperations,all sub-threadshave to bejoinedagain.The
numberof sub-threadsto bespawnedcanbespecifiedby theuser.
If theanalyzedvolumehasasizeof

u&� � � voxels,thiswouldmean,
thatamaximumof ��p u&� � � threadscouldbecomputingin parallel
atonetime.

Althoughthisprogramhasbeenimplementedon asharedmem-
ory architectureit would also be suitablefor a messagepassing
mechanism,sincethe data locality of this problemis very high.
Oncethedatasetis copied,thedifferentopeningoperatorsdo not
needto exchangedata until they are finished and the operators
working on thestringsonly needthedata,that is codedinto these
strings.

4 Results

In order to show the usefulnessof this methodwe have applied
the morphologicalscalespaceanalysisto four datasets. All data
setsareCT scans.Thefirst oneis a scanof a cup,thesecondone
representsa humanhead,the third onerepresentsanengineblock
andfinally thelastoneasimulatedCT scanof a lung.

Thecupdataset(size
� � u p � � u p �L. voxels)is presentedin order

to illustratetheprincipalpropertiesof thedescribedalgorithm.The
main featureof the cup, that is usedfor the illustrationof our al-
gorithm,is thethicknessof thewall. Thethicknessof thematerial
increasesfrom topto bottomandagainbecomessmallerin thevery
proximity of thebottom. In orderto visualizethis featurethenec-
essaryvalueshavebeenadjustedasdescribedin thefirst columnof
table1.

Theresultof this analysisin the color plate. The imagesshow
the cup with all color componentsin image7(g), the images7(h)
and7(i) show themiddleandthelow frequency partof thevolume
separately. Theimage7(h)with thegreencomponentillustratesthe
thicknessof thecupwalls. Thecolor intensityis highat thebottom
plateandat the upperpartsof the walls, while the middle part is
quitedark. This partof thecup is characterizedby a thicker wall,
ascanbe seenon image7(i), which reflectsthe lowestfrequency
part. This imageexhibits themostintensecolor values,wherethe
greencup hasits minimal values. In image7(g), which contains
all frequencies,onecanclearlyseethis changein color. Thenoise
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TranscriptionDilation along Y−ax isTranscriptionDilation along X−ax is

;

Figure6: Dataflow for oneopeningprocess

ParameterName 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
BlueThreshold 30 0 0 5
RedScaling 0.7 1 3.5 10
GreenScaling 0.5 1.5 0.6 8
BlueScaling 0.7 0.5 0.5 2
RedAbsorptionInfluence 0.1 0.8 0.3 0.2
GreenAbsorptionInfluence 0.1 0.6 0.3 0.2
BlueAbsorptionInfluence 0.1 0.3 0.05 0.1

Table1: Parametersusedfor thedatasets

thatsurroundsthecupis partof thedatasetandcausedby theCT
scanner.

As a medicalapplicationwe have investigateda CT scanof a
head,that hasa sizeof

uL� ��p uL� ��p �L� � voxels. The morphologi-
cal analysishasbeenappliedherein orderto increasethe spatial
impressionof thevolumerenderingof thedataset. Thenecessary
parametersarelistedin thesecondcolumnof table1. Theheadis
shown in image7(e). Theplatebehindtheheadis thepad,which
supportedthe patient. The red part of the volume,that surrounds
the head,againcharacterizesthe low frequency structuresof the
volume. Thegreenstructuresapproximatethesurfaceof thehead
in amoreaccuratemanner. Theanisotropy propertyagainmanifests
itself at thelow frequency structure,astheredregion at thetop of
theheadappearsto beflattened.Thecombinationof thedifferent
layers,thatdescribetheheadsurfaceprovide this enhancedspatial
impression.In the front part of the head,that containsthe mouth
andthenoseregions,many small detailsarereflectedashigh fre-
quency bluestructures,in contrastto themorehomogeneousbrain,
thatis coloredin solidgreen.For comparison,a traditionalvolume
renderingof thedatasetis displayedin image7(f). This rendering
providesmoredetailedinformationabouttheinnerstructureof the
head,but thespatialimpressionof theoverall headis quitelow.

Thethird applicationof themorphologicalanalysisis a scanof
anengineblock. Its consistsof

u&� ��p uL� ��p �L� . voxelsandtheap-
plied parametersarelistedin thethird columnof table1. This en-
gineblock is characterizedby variouspartsof differentsizes.Our
methodautomaticallycolorsthosepartsof thisengineblockdiffer-
ently andthusrevealsinformationaboutthe componentstructure.

DataSet Resolution ComputationalTime
Cup

� � u p � � u p �L. 158sec
Head

u&� ��p u&� ��p �&� � 80 sec
Lung

u&� ��p u&� ��p � �L� 122sec
Engine

u&� ��p u&� ��p �&� . 81 sec

Table2: CPUtime for theanalysisof thedatasets

The image7(a) shows the motor block renderedwith all colors,
while theimages7(b)and7(c)separatethecomponentsof low fre-
quency andmiddlefrequency details.Two animationsof theengine
blockareshown in thevideo.Thefirst onerotatestheengineblock
with all color componentswhile the secondone additionally cy-
clesthroughthecomponentsto provide a betterimpressionof the
differentdetaillevels.

Thecylindersof theenginearecoloredin redasthey area very
coarsestructurein theengineblock. Theinjectiontubesconsistof
very thin metalparts,that are representedon the high frequency
and fine granularstructurelevel. This can be especiallyseenin
image7(b),wheretheinjectiontubeis averyarticulatefeature,but
it is nearlydisappearedin themiddlefrequency scalein image7(c).
Mostof thesupportingstructuresof themotorblockarerepresented
at the middle level of detail, which is renderedin green. These
structurescannot be separatedby a traditionalvolumerendering
method,asthey consistof nearlythesamevalue.This typeof data
setseemsto bethemostsuitablefor ourdataanalysismethod.

The volumerenderingof the simulatedCT scanof the lung is
shown in image7(d). Thisdatasethasanextensionof

uL� �6p uL� �6p � �&�
voxels. In this imagethe thicknessof the airtubesis effectively
visualized. What one can seefrom this artificial dataset is that
wall thicknessof themaintubeappearsto beverysmall,wherethe
walls of thefirst branchseemsto bevery thick. For the rendering
of this imagethe priorizationorderof the threefrequency spetra
hasbeeninversed.In this casethe lower frequenciessuppressthe
higherones.

All computationshavebeenperformedonaSGIOnyx with four
R10000processorsrunningat 196 MHz. The requiredcomputa-
tional timesfor thedatasetsarelisted in table2. This time is the
wall clocktimethatelapsedfrom thebeginningof thedataanalysis
until the RGBA valuesfor the completevolumehave beencom-
puted. TherequiredCPUtime increaseslinearly with thenumber
of voxels to beprocessed,ascouldbeexpectedfrom thecomplex-
ity estimation. For standarddatasetsthe requiredCPU time for
thecomputationis below oneandhalf minuteandevenfor thecup,
which is quitea largevolumetricdataset,it is below threeminutes.
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5 Conc lusions

Constructinga scale-spacemethodin analogyto thewavelettrans-
formationusingmorphologicaloperatorshasproven to be a valu-
ableapproachin volumevisualization.Thedifferentresultsof the
morphologicalanalysisindicateboundarystructuresandthey allow
to distinguishobjectsof differentcharacteristicsizes.In contrastto
theapplicationof traditionaltransfer-functionsour methodis eas-
ier to calibrateandit alsoincorporatesspatialinformation.On the
otherhand,it is moreapplicationindependentandmoreefficient
thanmostof the special-purposesegmentationtechniquesknown
from patternrecognition.Theseparationof dimensionsallows an
efficientparallelizationwith apotentiallyfinegranularity.

For futurework we arethinking aboutincorporatingaspectsof
region growing in order to generatesurfacemodels,that may be
combinedwith thevolumerepresentation.Theresultsof themor-
phologicaloperatorsmayalsobeusedto providetheexternalforces
for adeformablesurfacevisualizationtechnique.Thedifferentfre-
quency levels foundduring themorphologicalanalysismayguide
the conversionprocessof the surfaceon different levels of reso-
lution. Theremight alsobe the possibility to generatethe optical
propertiesof the volumeby the morphologicalanalysisin a more
indirectway. This could be doneby the selectionof someprede-
finedtransferfunctionsdependingon theresultof themorphologi-
calanalysis.

Ackno wledg ements

Many thanksto MarkusBlank of the institutefor medicalphysics
of theuniversityErlangen-N̈urnberg for providing theartificial CT
scanof thelung.Finallywewouldliketo thankGeroldHerold,who
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(a) Engineblock,sideview (b) Engineblock,high frequencies (c) Engineblock,middlefrequencies

(d) Lungdataset (e)CT-head,morphologicalanalysis (f) CT-head,classicalvolumerendering

(g) Cup,color-codingof wall thickness (h) Cup,middlefrequencies (i) Cup,low frequencies

Figure7: Volumerenderingapplicationsof themulti-scalemorphologicalanalysis


