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Abstract

Direct volumerenderingis a commonmeansof
visualizingthree-dimensionadatanowvadays.lt
is, however, still a very time consumingpro-
cessto createinformative and visual appealing
images.Semi-automatiwolumeanalysisproce-
duresas morphologicaloperatorsare a promis-
ing approactio improvetheoverallvisualization
cycle. However, theseoperatorsieedquitesome
time for computationreducingtheir usefulness
for interactve visualization.

Moderngraphicshardware,ontheotherhand,
hasall necessaryunctionsfor doing hardware
basedmorphologicalfiltering. As the problem
is mainly memorybandwidthbound,a solution
basedon graphicshardwarecansignificantlyre-
ducecomputatiortimein thefiltering step,asthe
graphicshardware typically has much broader
andfastermemorypaths.

When using graphics hardware for mathe-
matical computationsaccurag is usually quite
a problem. However, morphologicaloperators
map so well onto the graphicspipeline,thatno
lossof accurag occursatall.

1 Introduction

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

ization due to the high frame ratesthat can be
achievedwith thistechnique.

Beforeagivendatasetis renderedseveralfil-
tering and mappingstepscan be appliedto the
datain thevisualizationpipeline(Figurel) in or-
derto exposeprominentfeaturegnoreprecisely
Even with the broadknowledgeaboutfiltering
techniqueswe have today for volume render
ing this only meansadaptinghemappingstepin
mostcasesTheproperadjustmenof theaccord-
ing functionsis one of the major problemsfor
the practicaluseof volume visualization. This
is commonly accomplishedby the interactve
generatiorof a more or lesscomplicatedtrans-
fer function. More complex approaches$or the
lighting modelare beyond the capabilitieseven
of moderngraphicshardware andthereforenot
very usefulfor interactve volumerendering.

Alternatiely, the volume data can be pre-
processedin order to reveal certain features
more properly with relatvely simple transfer
functions. This approachrequiresfewer input
parameterdrom the user during analysisand
rendering, simplifying the visualization cycle.
Onepromisingapproachor semi-automatiére-
gueny basedvolume analysisare morphologi-
cal operators.Despiteall improvementsn pro-
cessortechnologyone seriousdravback of this
approachremains. Almost all operatorswork-
ing onthree-dimensionalataarecomputational
comple, reducingtheir usefulnesdor interac-
tive visualization.

The disadwantageof wavelet transformation
and otherfilters, that are basedon linear com-
binationsof the input data, is the fact that the
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Figurel: Thevisualizationpipeline.

analyzedstructuresbecomedistorted. This can
beseerespeciallyonlowerfrequeny scalesac-
complishedby largefilter kernels. Oneclassof

specialnon-linearfilters that do not flatten the
contoursof the original datasetarethe morpho-
logical operators.This filter type computeshe
minimumrespectrely maximumof pixel values
within a given scope. Before the actual max-
ima are calculated,the valuesof the so-called
structuringelementare addedto the pixel val-

ues. [12] givesa morethoroughintroductionto

gray-scalemorphology while we will give only

ashortoverview.

Morphological operatorsare mainly usedin
patternrecognitionto performsomekind of pre-
seggmentationfiltering. Often they are usedin
combinationwith region growing methods[2].
Recentlythey have gainedinterestin visualiza-
tion groupdor processingaw datain orderto re-
vealcertainstructuresOneapproachusesstruc-
turing elementsof differentsizesin orderto do
somekind of ahierarchicahnalysisdetermining
areasof differentspatialfrequencie®f the data
set[9]. Thefiltering procesgakestwo minutes
andmorefor big datasets,despitethe efforts to
parallelizethe operations.

As we have already shavn the feasibility
of implementing graphics hardware acceler
atedthree-dimensionateparabldilters [3] and
waveletdecompositiomndreconstructiof, 5],
we will now addressmorphologicaloperators.
With the ability of almostall graphicsaccel-
eratorsto use a minimum/maximumblending
functionwhile renderingexturedtrianglesto the
framebuffer, theseoperatorcanbemappedoer
fectly ontothe hardwarepixel path,accelerating

the time consumingfiltering stepswhile retain-
ing the volume datain the texture memory of
the graphicshardware for the following visual-
izationstep. Thatway the volumedatadoesnot
have to bereloadedor consecutie visualization
steps,asit is the casewith software basedap-
proaches.

2 Morphological Operators

Morphological operatorsare a specialform of

non-linearfilters that are capableto separater

to combinedifferent objectsin an image with

a minimal distortion of the contours. At first,

these operatorsare defined on binary images
only. Let X andY be two binary datasetsof

dimensiond. ThentheerosionZ := X&8Y is de-
finedas

The other basicoperatoy the dilation opera-
torZ:= X @Y is definedasthe dual operatorto
theerosion:

.

As onecanseein Figure?2, the erosionoper
ator cutsaway partsof the boundaryof the an-
alyzedimage X. The amountthat is removed
is definedby the structuringelementY, which
is typically muchsmallerthanthe input image.
Thedilation operatoron the otherhandenlages
theinputdata.

0: Fj:Yj=1AX_j=0
1: otherwise

Zi

1:
0:

dj:Yj=1AX4j=1
otherwise



[ 1 xov
AL xey

4 -3 -2 -1 0 1

2 3 4

Figure2: Resultsof the binary erosionanddila-
tion operators.

By combiningthesebasicoperatorsto more
complex oneswe getthe so-calledopeningand
closingoperators.The openingoperatorbreaks
up small bridges between connectedregions
while theclosingoperatotendsto fill smallgaps
in solidcomponentsTheopeningoperatois de-
finedas

XQY:=XaY)aY

andtheclosingoperatoiis definedas
XoY:=(XaY)eY

Gray-scalemorphological operators, which
areusedin our algorithms,aredefinedby trans-
forming the gray-scalalatato anbinary dataset
with an extra dimension,representinghe gray
level. This lifting into the extra dimensioncan
bedoneimplicitly by definingaccordingdilation
anderosionoperatordor gray-scaledata. This
way we getthedilation operatoriZ .= X @Y as

Zi=max{Xj+Y} (1)
andtheerosionZ := X &Y accordinglyas

Z = mjin Xivj =Y} (2)

In the binary forms of the operatorsthe parts
of the structuringelementY with Yj = 0 have
no effect at all, andthuswe will call themneu-
tral elements. In gray-scalemorphology this
corresponddo partsof the structuringelement
with Yj = N := —o, becausen the way they
areusedthey areinvariantsto the maximumand

minimumoperatorsin thefollowing we will as-
sumethatall structuringelementsave only afi-

nite size,i. e. all valuesoutsidea givendomain
areequalto N.

Whenwe remembethatall inputdataaswell
asthestructuringelemenis boundfor problems
relatedto imageandvolumedatasetsto a fixed
domain [0, m], we candefineY; = m-Y;, and
usingthis we canshift the rangeof Eq. (1) and
(2) to [0,m] aswell by using

Z = mjaX{Xj_j -Y;} ©)
for thedilationand
Z = mjin (X +Y} (4)

for the erosionoperatoy provided, thatthereex-
ists a jm with Yj, = m. This requirementas-
suresthatX;_j,, —Yj., > 0, becaus®j,, = 0. Ad-
ditionally, Xi_; —Y; < m holdsfor all i, j, be-
causeY; > 0. The neutralelementin this case
is N := m, becauseXj — m < 0 andis thusnot
contributing to the maximumvalue in Eq. (3).
Equwvalentinequalitieshold for the erosionop-
eratoraswell.

As the rangeof the morphologicaloperators
canbe shiftedto the domainrangeandonly in-
tegeroperationsareneededuringcomputation,
it is clear that theseoperatorscan be imple-
mentedusing graphicshardware without preci-
sion loss, when the equationscan be mapped
ontothegraphicsipeline.

The mostproblematicaspectof morphologic
volumeanalysisarethe highcomputationatosts
of dilation anderosionoperatorsywhenthey are
invoked for volume data. For structuringele-
mentsof sizen, 2n® datavalueshave to be ad-
dressegbervoxel. Thegeneralpproacho cope
with this efficiengy problemis to decompose
a large structuringelementinto several smaller
ones. This is possiblebecausédhe dilation and
erasionoperatorobey thefollowing relationsas
describedn [17]:

Xe(Y®z) =
X (YPHZ)

Whena decompositiorof a large structuring
elementinto several smalleronescanbe found,

XeY)ez
XaeY)sZ



the morphologicaloperationwith the large ele-
mentcanbeaccomplishethy theconsecutie ap-
plicationof thesmallerones:

S = HieH®---dHy
XeS = ((XeHi)eHy)---)oH ,
X®&S = ((XeHi)@eH2)---)®Hn

With this techniquea diamondshapedstruc-
turedelementf theform

with constantg; andc, canbedecomposehto
several smallerdiamondshapedstructures.For
instancejf we decompose structuringelement
of sizen into severalsmallerelementof size3,
only 54n datavalueshave to be addresseger
voxel for onebasicmorphologicabperation.

But thereis still the betterpossibility to de-
composethe structuring elementinto several
one-dimensionaklementsin a tensor product
like fashionY = ((Y1@Y?)-.-) @ Y9 with

i oG-l k=0vkAD o
Jold 7N otherwise
for whichanexampleis depictedn Figure3.
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Figure3: Exampledecompositiorof a structur
ing elemenibf sizeb.

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

That way the computationalcompleity can
bereducedo 6n addressedatacells pervoxel.
This is the approachwe will continueto inves-
tigatein this paper thoughthe basicalgorithms
arein no way restrictedto this type of decom-
position. For moreinformationaboutstructuring
elementdecompositionwe referto [17].

3 Hardware Environment

Thebasicprinciple of texturebasedvolumeren-
dering is depictedin Figure 4. According to
the samplingtheorema 3D view of the volume
is generatedy draving an adequaterumberof
equidistant,semi-transparenpolygons parallel
to theviewing plane(“volumeslicing”).

3D-Texture
Mapping

Rendered
Image

Planes Parallel
to Viewport

Compositing
(Blending)

Interpolation

Figure4: Texturebaseds/olumerendering.

Most PC basedgraphicscardsdo not support
3D textures.Onthesecardsaslicing approachs
popularfor volumerendering,that renderstex-
tured planesperpendiculato the volume axes,
very muchtheway sheafwarp algorithmswork.
With this methodonly a setof 2D texturesis
necessaryor volumevisualization.OpenGL1.1
supportsso-calledtexture objects,which allows
switching betweenseveral texture mapsin al-
mostno time, aslong asall imagesfit into the
texture memory of the graphicscard. Without
loss of generalitywe assume that the texture
planescontaindatainformationperpendiculato
thez axis.

We haveimplementedothapproachefor our
algorithm,but a seriousbugin partial 3D texture
reloadingon a numberof machineseffectively
disablesthe possibleuseright now. Therefore,
wewill concentratenthe2D texturesolutionin
our paper

In orderto mapmorphologicabperatorsonto
thegraphiceipeline(seeFigureb), wefirst have
to find outwhereminimumandmaximumopera-
torsaresupportedlt turnsout, thatonly theper
fragmentoperationscan performminimum and
maximumblendingin theframebuffer, whenthe
accordingOpenGLextensionis supportedy the
graphicddriver.
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Figure5: TheOpenGLgraphicsipeline.

4 HardwareBased Operators

As the basicalgorithmic overview in Figure 6
shavs, we can use the structureof the struc-
turing elementdecompositiorEq. (5) to sweep
over the volumein threepasses.Note that our
approachcan also be appliedto morphological
filters, that cannotbe decomposednto several
one-dimensionafilters. However, the neces-
sary computationtime usually prohibitsthe us-
ageof suchoperations.Neverthelessthe possi-
ble speedupvould beevenhigherin thesecases.

In the first two passeave performthe filter-
ing alongthe x andy axes. Thesestepsonly ac-
cessdatafrom within onesingletexture, which
containsdataperpendiculato the z axis, asde-
finedin the previous section. In the third pass
we filter alongthe z axis. As the dataalongthis
axisis spreadn multiple textures,trianglestex-
tured with several differentimageshave to be
rendered.In orderto minimize texture binding
changeswe combinethefirst two passes.

In every passtexturedtrianglesthataretrans-
latedby severalpixelsalongthefiltering axisare
renderednto theframebuffer. Theretheincom-
ing fragmentsareblendedwith thepixel datathat
is alreadycontainedn the buffer. By usingthe
minmaxblendingextensionthecompositingstep
effectively calculateghe maximumor minimum
value of all texels within the filter scope. After
a one-dimensiondilter operationhasbeenper
formed,theresultingimageis readbackfrom the
framebuffer into texturememory

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

con Graphicssystemdoy usingthe texture color
lookup table with different lookup tablesthat
only containlinearramps shiftedby theaccord-
ing structuringelementvalues. The lookup ta-
ble hasto be changedor every renderedpoly-
gon,thereforewe accelerat¢he loadingprocess
by using predefinedookup tablescontainedin
displaylists. On NVidia systemsthe sameef-
fect canbe accomplishedvith the palettedtex-
ture extension,or even betterwith the register
combinersextension.Unluckily, thecopy opera-
tion from theframebuffer into texturememoryis
currentlynotaccelerateatall, yielding uninter
estingfilter rates.However, with recentadvances
in thedrivertechnologyespeciallyfor linux sys-
tems,we areconfidentthatfuturegraphicschips
anddriverversiondrom NVidiawill clearlyout-
performthe currentfilter rates,that have been
measuren an SGI Octanesystem.

In orderto save texture memory which is a
scarceresource we want to do the filtering in
place,replacingthe previously usedtextures.In
thefirst passthis is accomplishedmplicitly, be-
causanve performthefilter operationgor all pix-
elsalongthefilter axisin onestep.Thereforewe
do not needthe original dataarny moreafterthe
operatomwasinvoked.

In the secondpasswe cannotperformthefil-
teroperationdor all pixelsalongthefilter axisin
onestep,asthisinvolvessereraltextures,andwe
cannotcopy backframebuffer contentsto mul-
tiple texturesin one step. 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-
dressary more. As we aredealingwith usually
smallor atleastfinite filters, we canseethatwe



1. Pass: For all z:
- Clear frame buffer, select texture z
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biased by Y
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Figure6: Thebasicalgorithmicstructure.

needjng Sparetextures,with
jneg = max{ mjin{j LY #N}, O}

beingthe numberof coeficientsthe structuring
elementextendsto negative indices. Figure 7
shawvs an example,wherea structuringelement
of size3 is used,with thefilter coeficientsY_y,
Yo andY;. If no precautionhadbeentaken,the
texturesthat are neededn the next stepwould
be overwrittenby valuesfrom the frame buffer,
whichis indicatedin thefigure by dashedines.
We can optimize the basic algorithm even
more by removing the frame buffer clear com-

] E
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Figure7: Handlingtexture copy overlaps.

mand. When we renderthe first polygon of
the inner loop with blending disabled, it will

implicitly clear the relevant part of the frame
buffer, andrenderingoolygonswithoutblending
is fasteraryway. We just have to be sure,that
thefirst polygonrendereds theonerelatedo Yy,
becauset is dravn exactly atthe positionof the
imageto bereadbackafterthefiltering is com-
plete(compareFigure6).

For mary applicationsof morphologicabper
ators,the samedatasethasto befilteredseveral
times,usingdifferentoperator®f differentsizes.
Whenusingthegraphicshardwareapproachit is
clearthatwe canusethe color channeldo per
form threeor four operatorsn onefiltering step,
provided,thatwe usethe biggestmorphological
operatorasthe basicfilter, combineit with the
otheroperatorandfill theremainingemptyslots
with the neutralelement\N.

5 Reaults

Table1 revealsthathardwarebasedmorpholog-
ical operatorsare much fasterthan well tuned
software implementations. Comparedwith [9]
they easilybeatmultiprocessommplementations
aswell. Admittedly, the times measuredhere
includetwo basicmorphologicaloperatorswith
four differentelementsandthe additionalover-
headfor differencesignalcreation thresholding



Dataset 256° 512 x 154

System| ix861 mips OpenGl® Speedup | ix861 mips® OpenGLl® Speedu
3 13.4 27.3 5.7 4.8x 33.3 67.7 11.8 5.7x
73 24.0 32.7 10.1 3.2x 58.8 1015 195 5.2x
153 435 46.3 18.8 25x | 104.2 172.3 343 5.0x
253 62.8 90.6 29.5 31x |1499 2512 545 4.6x

Measuredn a SGIl OctaneviXI|

A W N R

Measuredn a standardPCwith Pentiumlll, 500MHz
Measureddn a SGI Octanewith R10000,250MHz

Speedumn SGI Octane hardwarevs. softwarebased

Notethatthehardwareaccelerate@®penGLmethodcanadditionallyperformthreedifferentmorpho-
logical operationsn onefiltering steponthe MXI graphicssystem.

Tablel: Timesin secondperbasicoperator

andtransferfunctioninvocation. But with hard-
ware basedoperatorsthreeor evenfour (when
RGBA texture lookup tablesare supportedYil-
terscanbe appliedin onecycle, reducingcom-
parabletimes even more. By performingthree
differentmorphologicalbperationsn onecycle,
we getfiltering speedup®f 15 timesandmore
for large datasetsandsmallto mid-sizedfilters.
Note that all methodswork on 8 bit datastruc-
turesin orderto minimizememoryconsumption
andto speedup dataaccess.

The Intel basedsystemsseemto be superior
to this kind of image processing,and modern
graphicscardsfor PCsystemdave highfill rates
that can perform morphologicaloperatorsex-
tremelyfast. The performanceof the software
basedmethodis not processomarchitecturede-
pended,though, as a much fasterAthlon pro-
cessorproducedinferior results. The kind and
sizeof cachesandthe main boardchip sethave
a muchhigherinfluenceon the resultsthanthe
processorispeed. On the hardware accelerated
side,themostpromisingsystemgodaythatsup-
portthenecessarpPpenGLextensionsarebased
on the NVidia GForce256c¢hip and its succes-
sors.

Unfortunatelydespiterecentimprovementsn
NVidias drivers, copying data from the frame
buffer to texture memoryis still notaccelerated,
ruining the otherwisefine renderingratesthat
comefrom thehighfill ratesof GForce256DDR

graphicscards.Thereforewe have desistedrom
printing testresultsof this system.

Mathematical computationsin the frame
buffer are usually susceptibleto accurag loss
dueto thelimited framebuffer depth[5, 13, 14].
As morphologicaloperatorsonly needinteger
operationsandthe rangeof the resultsdoesnot
exceedthe domain,no precisionloss occursat
all. The correctnes®f our implementatiorhas
beenverifiedby severaltestsof courseyielding
thedesiredresults.Figures8 to 11 shav sample
resultslicesof the openingandclosingoperator
working on a datasebf size 256, usinga filter
of size7°.

6 Conclusion

We have introduceda OpenGLhardware based
algorithmfor morphologicaloperatorsthat uti-
lizesthehighfill ratesof moderngraphicshard-
warefor acceleratingime consuming3D filter-
ing up to 15 timesandmorefor large datasets.
Becausef the structureof theoperatorsnoloss
of precisionoccursatall, makingthis methodat-
tractive for all analysisperformingmorphologi-
caloperations.

The approachthat has been taken can be
usedfor non-decomposenhorphologicalopera-
tors andfor non-separablénear filters as well,
althoughthesekinds of filters are not as often



used as the oneswe have already addressed.

Theseand other types of filtering systemsare
subjectof futurework.

PCbasedyraphicssystemsalmostcatchedup
with high endworkstationsn thelastfew years.
However, the drivers are still very much opti-
mizedfor gamingpurposesandseveralfeatures
thatwould yield very interestingoptionsfor sci-
entific visualizationarestill notacceleratedBut
we areconfidenthatthiswill changen thevery
nearfuture.
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Figure8: Theoriginal dataset. Figure9: Theopenedataset.

Figurel0: Differenceto closeddataset. Figurell: Differenceto openediataset.



