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Abstract

Direct volumerenderingis a commonmeansof
visualizingthree-dimensionaldatanowadays.It
is, however, still a very time consumingpro-
cessto createinformative and visual appealing
images.Semi-automaticvolumeanalysisproce-
duresasmorphologicaloperatorsarea promis-
ing approachto improvetheoverallvisualization
cycle. However, theseoperatorsneedquitesome
time for computation,reducingtheir usefulness
for interactivevisualization.

Moderngraphicshardware,ontheotherhand,
hasall necessaryfunctionsfor doing hardware
basedmorphologicalfiltering. As the problem
is mainly memorybandwidthbound,a solution
basedon graphicshardwarecansignificantlyre-
ducecomputationtimein thefilteringstep,asthe
graphicshardware typically has much broader
andfastermemorypaths.

When using graphics hardware for mathe-
maticalcomputations,accuracy is usuallyquite
a problem. However, morphologicaloperators
mapso well onto the graphicspipeline,that no
lossof accuracy occursatall.

1 Introduction

Direct volume rendering is a very important
techniquefor visualizingthree-dimensionaldata.
Several fundamentallydifferent methodshave
beenintroduced[1, 6, 7, 8, 10, 15]. Hardware-
basedvolume texturing [11, 16] is one of the
most prominentvariantsfor interactive visual-

ization due to the high frame ratesthat can be
achievedwith this technique.

Beforeagivendatasetis rendered,severalfil-
tering andmappingstepscanbe appliedto the
datain thevisualizationpipeline(Figure1) in or-
derto exposeprominentfeaturesmoreprecisely.
Even with the broadknowledgeaboutfiltering
techniqueswe have today, for volume render-
ing thisonly meansadaptingthemappingstepin
mostcases.Theproperadjustmentof theaccord-
ing functionsis one of the major problemsfor
the practicaluseof volumevisualization. This
is commonly accomplishedby the interactive
generationof a moreor lesscomplicatedtrans-
fer function. More complex approachesfor the
lighting modelarebeyond the capabilitieseven
of moderngraphicshardwareandthereforenot
veryusefulfor interactivevolumerendering.

Alternatively, the volume data can be pre-
processedin order to reveal certain features
more properly with relatively simple transfer
functions. This approachrequiresfewer input
parametersfrom the user during analysisand
rendering,simplifying the visualizationcycle.
Onepromisingapproachfor semi-automaticfre-
quency basedvolumeanalysisaremorphologi-
cal operators.Despiteall improvementsin pro-
cessortechnologyoneseriousdrawbackof this
approachremains. Almost all operatorswork-
ing on three-dimensionaldataarecomputational
complex, reducingtheir usefulnessfor interac-
tivevisualization.

The disadvantageof wavelet transformation
and other filters, that are basedon linear com-
binationsof the input data, is the fact that the
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Figure1: Thevisualizationpipeline.

analyzedstructuresbecomedistorted. This can
beseenespeciallyonlowerfrequency scales,ac-
complishedby largefilter kernels.Oneclassof
specialnon-linearfilters that do not flatten the
contoursof theoriginaldatasetarethemorpho-
logical operators.This filter type computesthe
minimumrespectively maximumof pixel values
within a given scope. Before the actualmax-
ima are calculated,the valuesof the so-called
structuringelementare addedto the pixel val-
ues. [12] givesa morethoroughintroductionto
gray-scalemorphology, while we will give only
a shortoverview.

Morphologicaloperatorsare mainly usedin
patternrecognitionto performsomekind of pre-
segmentationfiltering. Often they are usedin
combinationwith region growing methods[2].
Recentlythey have gainedinterestin visualiza-
tiongroupsfor processingraw datain orderto re-
vealcertainstructures.Oneapproachusesstruc-
turing elementsof differentsizesin orderto do
somekindof ahierarchicalanalysis,determining
areasof differentspatialfrequenciesof the data
set[9]. Thefiltering processtakestwo minutes
andmorefor big datasets,despitetheefforts to
parallelizetheoperations.

As we have already shown the feasibility
of implementing graphics hardware acceler-
atedthree-dimensionalseparablefilters [3] and
waveletdecompositionandreconstruction[4, 5],
we will now addressmorphologicaloperators.
With the ability of almost all graphicsaccel-
eratorsto use a minimum/maximumblending
functionwhile renderingtexturedtrianglesto the
framebuffer, theseoperatorscanbemappedper-
fectly ontothehardwarepixel path,accelerating

the time consumingfiltering stepswhile retain-
ing the volume data in the texture memoryof
the graphicshardwarefor the following visual-
izationstep.Thatway thevolumedatadoesnot
haveto bereloadedfor consecutivevisualization
steps,as it is the casewith softwarebasedap-
proaches.

2 Morphological Operators

Morphologicaloperatorsare a specialform of
non-linearfilters that arecapableto separateor
to combinedifferent objectsin an imagewith
a minimal distortion of the contours. At first,
theseoperatorsare defined on binary images
only. Let X andY be two binary datasetsof
dimensiond. ThentheerosionZ : � X � Y is de-
finedas

Zi � �
0 : � j : Yj � 1 � Xi � j � 0
1 : otherwise �

The other basicoperator, the dilation opera-
tor Z : � X 	 Y is definedasthedualoperatorto
theerosion:

Zi � �
1 : � j : Yj � 1 � Xi 
 j � 1
0 : otherwise �

As onecanseein Figure2, the erosionoper-
ator cutsaway partsof the boundaryof the an-
alyzedimageX. The amountthat is removed
is definedby the structuringelementY, which
is typically muchsmallerthanthe input image.
Thedilation operatoron theotherhandenlarges
theinputdata.

2



X

X    Y

-4 -2

X    Y

-3

Y

4-1 0 1 2 3

Figure2: Resultsof thebinaryerosionanddila-
tion operators.

By combiningthesebasicoperatorsto more
complex oneswe get the so-calledopeningand
closingoperators.The openingoperatorbreaks
up small bridges betweenconnectedregions
while theclosingoperatortendsto fill smallgaps
in solidcomponents.Theopeningoperatoris de-
finedas

X � Y : �
� X � Y ��	 Y

andtheclosingoperatoris definedas

X � Y : �
� X 	 Y ��� Y

Gray-scalemorphological operators,which
areusedin our algorithms,aredefinedby trans-
forming thegray-scaledatato anbinarydataset
with an extra dimension,representingthe gray
level. This lifting into the extra dimensioncan
bedoneimplicitly by definingaccordingdilation
anderosionoperatorsfor gray-scaledata. This
waywegetthedilationoperatorZ : � X 	 Y as

Zi � max
j � Xi � j � Yj � (1)

andtheerosionZ : � X � Y accordinglyas

Zi � min
j � Xi 
 j � Yj � � (2)

In thebinaryformsof theoperators,theparts
of the structuringelementY with Yj � 0 have
no effect at all, andthuswe will call themneu-
tral elements. In gray-scalemorphology this
correspondsto partsof the structuringelement
with Yj � N : � � ∞, becausein the way they
areusedthey areinvariantsto themaximumand

minimumoperators.In thefollowing wewill as-
sumethatall structuringelementshaveonly afi-
nite size,i. e. all valuesoutsidea givendomain
areequalto N.

Whenwerememberthatall inputdataaswell
asthestructuringelementis boundfor problems
relatedto imageandvolumedatasetsto a fixed
domain � 0 � m� , we can defineȲj � m � Yj , and
usingthis we canshift the rangeof Eq. (1) and
(2) to � 0 � m� aswell by using

Zi � max
j � Xi � j � Ȳj � (3)

for thedilationand

Zi � min
j � Xi 
 j � Ȳj � (4)

for theerosionoperator, provided,that thereex-
ists a jm with Yjm � m. This requirementas-
sures,thatXi � jm � Ȳjm � 0,becausēYjm � 0. Ad-
ditionally, Xi � j � Ȳj � m holds for all i � j, be-
causeȲj � 0. The neutralelementin this case
is N̄ : � m, becauseXj � m � 0 and is thusnot
contributing to the maximumvalue in Eq. (3).
Equivalentinequalitieshold for the erosionop-
eratoraswell.

As the rangeof the morphologicaloperators
canbeshiftedto thedomainrangeandonly in-
tegeroperationsareneededduringcomputation,
it is clear, that theseoperatorscan be imple-
mentedusinggraphicshardwarewithout preci-
sion loss, when the equationscan be mapped
ontothegraphicspipeline.

The mostproblematicaspectof morphologic
volumeanalysisarethehighcomputationalcosts
of dilation anderosionoperators,whenthey are
invoked for volume data. For structuringele-
mentsof sizen, 2n3 datavalueshave to be ad-
dressedpervoxel. Thegeneralapproachto cope
with this efficiency problem is to decompose
a large structuringelementinto several smaller
ones. This is possiblebecausethe dilation and
erasionoperatorsobey thefollowing relationsas
describedin [17]:

X ��� Y 	 Z ��� � X � Y ��� Z

X 	�� Y 	 Z ��� � X 	 Y ��	 Z

Whena decompositionof a large structuring
elementinto severalsmalleronescanbe found,
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the morphologicaloperationwith the large ele-
mentcanbeaccomplishedby theconsecutiveap-
plicationof thesmallerones:

S � H1 	 H2 	������ 	 Hn �
X � S � ����� X � H1 ��� H2 �������!��� Hn �
X 	 S � ����� X 	 H1 ��	 H2 �������!��	 Hn �

With this techniquea diamondshapedstruc-
turedelementof theform

Yj1 "$#$#$#%" jd � c1 ��& c2 � ∑
k ' jk ')(

with constantsc1 andc2 canbedecomposedinto
several smallerdiamondshapedstructures.For
instance,if we decomposea structuringelement
of sizen into severalsmallerelementsof size3,
only 54n datavalueshave to be addressedper
voxel for onebasicmorphologicaloperation.

But thereis still the betterpossibility to de-
composethe structuring element into several
one-dimensionalelementsin a tensor product
like fashion:Y �
��� Y1 	 Y2 ���*���+��	 Yd with

Yi
j1 ",#$#$#%" jd � �

c1 �-� c2
d � ' j i ' � jk � 0 . k /� i

N otherwise
(5)

for whichanexampleis depictedin Figure3.
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Figure3: Exampledecompositionof a structur-
ing elementof size5.

The structuringelementsof the rangeshifted
operatorsEq. (3) and (4) can be decomposed
similarly.

That way the computationalcomplexity can
bereducedto 6n addresseddatacellspervoxel.
This is the approachwe will continueto inves-
tigatein this paper, thoughthe basicalgorithms
are in no way restrictedto this type of decom-
position.For moreinformationaboutstructuring
elementdecompositionwereferto [17].

3 Hardware Environment

Thebasicprincipleof texturebasedvolumeren-
dering is depictedin Figure 4. According to
the samplingtheorema 3D view of the volume
is generatedby drawing anadequatenumberof
equidistant,semi-transparentpolygonsparallel
to theviewing plane(“volumeslicing”).

Figure4: Texturebasedvolumerendering.

Most PCbasedgraphicscardsdo not support
3D textures.Onthesecardsaslicingapproachis
popularfor volumerendering,that renderstex-
tured planesperpendicularto the volume axes,
verymuchtheway shear-warpalgorithmswork.
With this methodonly a set of 2D textures is
necessaryfor volumevisualization.OpenGL1.1
supportsso-calledtextureobjects,which allows
switching betweenseveral texture mapsin al-
mostno time, as long asall imagesfit into the
texture memoryof the graphicscard. Without
loss of generalitywe assume,that the texture
planescontaindatainformationperpendicularto
thezaxis.

Wehaveimplementedbothapproachesfor our
algorithm,but aseriousbug in partial3D texture
reloadingon a numberof machineseffectively
disablesthe possibleuseright now. Therefore,
wewill concentrateonthe2D texturesolutionin
ourpaper.

In orderto mapmorphologicaloperatorsonto
thegraphicspipeline(seeFigure5),wefirst have
tofindoutwhereminimumandmaximumopera-
torsaresupported.It turnsout,thatonly theper-
fragmentoperationscanperformminimum and
maximumblendingin theframebuffer, whenthe
accordingOpenGLextensionis supportedby the
graphicsdriver.
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Figure5: TheOpenGLgraphicspipeline.

4 Hardware Based Operators

As the basicalgorithmic overview in Figure 6
shows, we can use the structureof the struc-
turing elementdecompositionEq. (5) to sweep
over the volumein threepasses.Note that our
approachcan alsobe appliedto morphological
filters, that cannotbe decomposedinto several
one-dimensionalfilters. However, the neces-
sarycomputationtime usuallyprohibitsthe us-
ageof suchoperations.Nevertheless,thepossi-
blespeedupwouldbeevenhigherin thesecases.

In the first two passeswe perform the filter-
ing alongthex andy axes. Thesestepsonly ac-
cessdatafrom within onesingletexture,which
containsdataperpendicularto the z axis,asde-
fined in the previous section. In the third pass
we filter alongthez axis. As thedataalongthis
axis is spreadin multiple textures,trianglestex-
tured with several different imageshave to be
rendered.In order to minimize texture binding
changes,wecombinethefirst two passes.

In every passtexturedtrianglesthataretrans-
latedby severalpixelsalongthefiltering axisare
renderedinto theframebuffer. Theretheincom-
ing fragmentsareblendedwith thepixeldatathat
is alreadycontainedin the buffer. By usingthe
minmaxblendingextensionthecompositingstep
effectively calculatesthemaximumor minimum
valueof all texels within the filter scope.After
a one-dimensionalfilter operationhasbeenper-
formed,theresultingimageis readbackfrom the
framebuffer into texturememory.

In order to perform the dilation Eq. (3), we
have to subtracta per polygon constantvalue
from the fragmentsafter texturing and before
blending. This can be accomplishedon Sili-

conGraphicssystemsby usingthetexturecolor
lookup table with different lookup tables that
only containlinearramps,shiftedby theaccord-
ing structuringelementvalues. The lookup ta-
ble hasto be changedfor every renderedpoly-
gon,thereforewe acceleratetheloadingprocess
by usingpredefinedlookup tablescontainedin
display lists. On NVidia systems,the sameef-
fect canbe accomplishedwith the palettedtex-
ture extension,or even betterwith the register
combinersextension.Unluckily, thecopy opera-
tion from theframebuffer into texturememoryis
currentlynot acceleratedat all, yieldinguninter-
estingfilter rates.However, with recentadvances
in thedrivertechnology, especiallyfor linux sys-
tems,weareconfident,thatfuturegraphicschips
anddriverversionsfrom NVidia will clearlyout-
perform the currentfilter rates,that have been
measuredonanSGIOctanesystem.

In order to save texture memory, which is a
scarceresource,we want to do the filtering in
place,replacingthepreviously usedtextures.In
thefirst passthis is accomplishedimplicitly, be-
causeweperformthefilter operationsfor all pix-
elsalongthefilter axisin onestep.Therefore,we
do not needtheoriginal dataany moreafter the
operatorwasinvoked.

In thesecondpasswe cannotperformthefil-
teroperationsfor all pixelsalongthefilter axisin
onestep,asthisinvolvesseveraltextures,andwe
cannotcopy backframebuffer contentsto mul-
tiple texturesin onestep. Therefore,we either
have to usea secondsetof textures,which we
wantedto avoid, or we have to storethe result-
ing datato partsof the volumewe will not ad-
dressany more. As we aredealingwith usually
smallor at leastfinite filters,we canseethatwe
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Figure6: Thebasicalgorithmicstructure.

needjneg sparetextures,with

jneg � max 5 min
j 6 j : Yj /� N 78� 0 9

beingthe numberof coefficientsthe structuring
elementextendsto negative indices. Figure 7
shows an example,wherea structuringelement
of size3 is used,with thefilter coefficientsȲ� 1,
Ȳ0 andȲ1. If no precautionshadbeentaken,the
texturesthat areneededin the next stepwould
be overwrittenby valuesfrom the framebuffer,
which is indicatedin thefigureby dashedlines.

We can optimize the basic algorithm even
more by removing the framebuffer clearcom-
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Figure7: Handlingtexturecopy overlaps.

mand. When we render the first polygon of
the inner loop with blending disabled, it will
implicitly clear the relevant part of the frame
buffer, andrenderingpolygonswithoutblending
is fasteranyway. We just have to be sure,that
thefirst polygonrenderedis theonerelatedtoȲ0,
becauseit is drawn exactly at thepositionof the
imageto bereadbackafter thefiltering is com-
plete(compareFigure6).

For many applicationsof morphologicaloper-
ators,thesamedatasethasto befilteredseveral
times,usingdifferentoperatorsof differentsizes.
Whenusingthegraphicshardwareapproach,it is
clearthat we canusethe color channelsto per-
form threeor four operatorsin onefiltering step,
provided,thatwe usethebiggestmorphological
operatoras the basicfilter, combineit with the
otheroperatorsandfill theremainingemptyslots
with theneutralelementN̄.

5 Results

Table1 revealsthathardwarebasedmorpholog-
ical operatorsare much fasterthan well tuned
software implementations.Comparedwith [9]
they easilybeatmultiprocessorimplementations
as well. Admittedly, the times measuredthere
includetwo basicmorphologicaloperatorswith
four differentelementsandthe additionalover-
headfor differencesignalcreation,thresholding
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Dataset 2563 5122 c 154
System ix861 mips2 OpenGL3 Speedup4 ix861 mips2 OpenGL3 Speedup4

33 13.4 27.3 5.7 4 � 8 c 33.3 67.7 11.8 5 � 7 c
73 24.0 32.7 10.1 3 � 2 c 58.8 101.5 19.5 5 � 2 c
153 43.5 46.3 18.8 2 � 5 c 104.2 172.3 34.3 5 � 0 c
253 62.8 90.6 29.5 3 � 1 c 149.9 251.2 54.5 4 � 6 c

1 MeasuredonastandardPCwith PentiumIII, 500MHz
2 MeasuredonaSGIOctanewith R10000,250MHz
3 MeasuredonaSGIOctaneMXI
4 SpeeduponSGIOctane,hardwarevs. softwarebased

NotethatthehardwareacceleratedOpenGLmethodcanadditionallyperformthreedifferentmorpho-
logicaloperationsin onefiltering stepon theMXI graphicssystem.

Table1: Timesin secondsperbasicoperator.

andtransferfunctioninvocation.But with hard-
warebasedoperators,threeor even four (when
RGBA texture lookup tablesaresupported)fil-
terscanbe appliedin onecycle, reducingcom-
parabletimeseven more. By performingthree
differentmorphologicaloperationsin onecycle,
we get filtering speedupsof 15 timesandmore
for largedatasetsandsmall to mid-sizedfilters.
Note that all methodswork on 8 bit datastruc-
turesin orderto minimizememoryconsumption
andto speedupdataaccess.

The Intel basedsystemsseemto be superior
to this kind of imageprocessing,and modern
graphicscardsfor PCsystemshavehighfill rates
that can perform morphologicaloperatorsex-
tremely fast. The performanceof the software
basedmethodis not processorarchitecturede-
pended,though, as a much fasterAthlon pro-
cessorproducedinferior results. The kind and
sizeof cachesandthemainboardchip sethave
a muchhigher influenceon the resultsthanthe
processorspeed. On the hardware accelerated
side,themostpromisingsystemstodaythatsup-
port thenecessaryOpenGLextensionsarebased
on the NVidia GForce256chip and its succes-
sors.

Unfortunately, despiterecentimprovementsin
NVidias drivers, copying data from the frame
buffer to texturememoryis still not accelerated,
ruining the otherwisefine renderingratesthat
comefrom thehighfill ratesof GForce256DDR

graphicscards.Therefore,wehavedesistedfrom
printing testresultsof thissystem.

Mathematical computations in the frame
buffer are usually susceptibleto accuracy loss
dueto thelimited framebuffer depth[5, 13,14].
As morphologicaloperatorsonly needinteger
operationsandthe rangeof the resultsdoesnot
exceedthe domain,no precisionloss occursat
all. The correctnessof our implementationhas
beenverifiedby severaltests,of course,yielding
thedesiredresults.Figures8 to 11 show sample
resultslicesof theopeningandclosingoperator
working on a datasetof size2563, usinga filter
of size73.

6 Conclusion

We have introduceda OpenGLhardwarebased
algorithmfor morphologicaloperators,that uti-
lizesthehigh fill ratesof moderngraphicshard-
warefor acceleratingtime consuming3D filter-
ing up to 15 timesandmorefor largedatasets.
Becauseof thestructureof theoperators,no loss
of precisionoccursatall, makingthismethodat-
tractive for all analysisperformingmorphologi-
caloperations.

The approachthat has been taken can be
usedfor non-decomposedmorphologicalopera-
tors andfor non-separablelinear filters aswell,
althoughthesekinds of filters are not as often
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used as the ones we have already addressed.
Theseand other types of filtering systemsare
subjectof futurework.

PCbasedgraphicssystemsalmostcatchedup
with high endworkstationsin thelastfew years.
However, the drivers are still very much opti-
mizedfor gamingpurposes,andseveralfeatures
thatwould yield very interestingoptionsfor sci-
entificvisualizationarestill notaccelerated.But
weareconfidentthatthiswill changein thevery
nearfuture.
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Figure8: Theoriginaldataset. Figure9: Theopeneddataset.

Figure10: Differenceto closeddataset. Figure11: Differenceto openeddataset.
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