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Abstract

Many volume filtering operationsusedfor image enhancement,
dataprocessingor featuredetectioncanbewrittenin termsof three-
dimensionalconvolutions. It is not possibleto yield interactive
framerateson todayshardwarewhenapplyingsuchconvolutions
on volumedatausingsoftwarefilter routines. As moderngraph-
ics workstationshave theability to rendertwo-dimensionalconvo-
luted imagesto theframebuffer, this featurecanbeusedto accel-
eratethe processsignificantly. This way generic3D convolution
canbeaddedasa powerful tool in interactive volumevisualization
toolkits.

Keywords: Convolution,HardwareAcceleration,VolumeVisual-
ization

1 Introduction

Directvolumerenderingis avery importanttechniquefor visualiz-
ing threedimensionaldata.Severalfundamentaldifferentmethods
have beenintroduced[2, 4, 5, 6, 8, 12]. Hardware-basedvolume
texturing [9, 14] is oneof themostprominentvariantsfor interac-
tive visualizationdueto thehigh frameratesthatcanbe achieved
with this technique.

The basicprinciple of texturebasedvolumerenderingis depicted
in Figure1. Accordingto thesamplingtheorema 3D view of the
volumeis generatedby drawing anadequatenumberof equidistant,
semi-transparentpolygonsparallelto theimageplanewith respect
to thecurrentviewing direction(“volumeslicing”).

Filtering on the other hand is a major part of the visualization
pipeline. It is broadlyusedfor improving images,reducingnoise,
andenhancingdetailstructure.Volumerenderingcanbenefitfrom
filter operations,as low passfilters reducethe noisee.g.of sam-
pled medicalvolumeimagesandhigh passfilters canbe usedfor
edgeextraction,visualizingprominentdatafeatures.Multiscaleap-
proachesas[13] regularly usedisjunctfiltering anddownsampling
stepsandcanbenefitfrom any speedupsof thefiltering process.
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Figure1: Texturebasedvolumerendering

Filterscanbeclassifiedaslinearornon-linear. Discretelinearfilters
canbe written asconvolutionswith filter kernelsthat completely
specify the filtering operation. Non-linearfilters, as for instance
morphologicaloperators,were recentlyusedfor volumeanalysis
andvisualization[7]. Segmentationandclassificationdependheav-
ily on filtering operationsaswell. Bro-Nielson[1] alreadythought
aboutusingconvolution hardwarefor acceleratingthe registration
process.

For texture basedvolumerenderingthe datasethasto be loaded
into specialtexturememory, whichcanbeaddressedby thegraph-
icspipevery fast.Theloadingprocessitself is relatively slow, tak-
ing several secondsfor big datasetseven on the fastestavailable
graphicsworkstations.As the datasethasto be reloadedafter a
filter operationhasbeenperformedin software,interactivefiltering
will benefita lot from convolution algorithmsthat directly work
on thetexturehardware.Additionally, we will show in thefollow-
ing thatcomputingtheconvolutionwith graphicshardwareis much
fasterthansoftwaresolutions.

2 3D Convolution

Thegeneralthree-dimensionaldiscreteconvolution canbewritten
as
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beingthe input datafunctionand
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beingthe filter kernel,
resultingin theconvoluteddata
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In the following examinationwe will assumewithout lossof gen-
erality that
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outsidethis interval. Also, wewill assumethattheinputdatafunc-
tion vanishesfor
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Figure2: TheGaußfilter functionandits secondderivative

Figure3: Exampleimage;original,filteredwith Gauß,andfiltered
with secondderivative

kernel is calledseparable.In this casethe numberof operations
necessaryfor the convolution can be reduceddown to @ ��7 # 3��

,
from @ ��7 # 3 # �

in thenon-separablecase:
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Of coursespecialcarehasto be taken nearthe boundariesof the
input datafunction, asconvolution routinesare generallywritten
onavery low languagelevel for speedpurposes.

Figure2 shows two well known convolution filters, the Gaußfil-
ter andits secondderivative, both in their continuousanddiscrete
forms. They canbe usedfor noisereductionandedgedetection,
respectively. An exampleimagethatwasfilteredwith thesekernels
canbeseenin Figure3.

3 Hardware Acceleration

In orderto acceleratetheconvolutionprocess,specialpurposehard-
ware can be used. On systemsthat have built-in Digital Signal
Processors(DSPs),for examplefor multimediaacceleration,aspe-
cializedconvolution subroutinecouldbedownloadedto thesignal

2D Convolution

Figure4: Thefirst passof thehardwarefiltering algorithm
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processor. On theotherhand,mosttimestheseDSPsarenot well
documentedor therun-timesystemcannotbemodifiedby theuser.
In generalthey arenot fasterthanthemainprocessoraswell. Ad-
ditionally, thereexistsawiderangeof differentDSPsystems,all of
whichareincompatibleto eachother.

The approachwe have implementedin our systemis to combine
a 2D and a 1D convolution kernel in order to calculatethree-
dimensionalseparableconvolutions.Severalvendorsof thegraph-
ics API OpenGL — asfor exampleSilicon GraphicsInc. [10] —
have includedextensionsfor one- and two-dimensionalfiltering.
In contrastto mostimplementationsthatemulatetheseextensions
only in software, the SGI graphicspipesMXE and BasicReality
calculatethe convolutions on-board,boostingperformanceby an
orderof magnitudealreadyfor reasonablysizedfilters. TheCRM
graphicssystemof theO

!
is capableof renderingconvolutionsin

hardwareaswell, but it doesnot supportvolumetextures,which
arecrucialfor thealgorithmaswell.

Recallthatthevolumedatais alreadystoredin texturememoryfor
visualizationusingtexturehardware.Now (1) and(2)arecombined
to one2D convolutionthatis to beappliedto everyplaneof thevol-
umedataperpendicularto thez-axis. Therefore,planeby planeis
drawn by renderingtexturedtrianglestrips(two trianglesperstrip)
into theframebuffer asit is sketchedin Figure4. Thetextureco-
ordinatesassignedto theverticesof thetrianglestripsarespecified
in suchway that no interpolationof the texture is necessary(see
Figure5). In orderto increasethe potentialspeedupandto avoid
roundingproblems,nearestneighborinterpolationis activateddur-
ing the renderingprocess.Eachplaneis thenreadbackwith the
OpenGLroutineglCopyTexSubImage3DEXT, which replaces
oneplaneof theactive volumetextureorthogonalto thez-axisby
datathat is readdirectly from the framebuffer. While transfering
thedatato thetexturememory, theseparable2D convolution filter
is activatedusingglSeparableFilter2DEXT. After this first
pass,the volumetexturecontainsdatafilteredalongthe x- andy-
axes.
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Figure6: Thesecondpass
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Figure7: TheOpenGLgraphicspipeline

Applying theconvolution to thethird axisis morecomplicatedand
depictedin Figure6. In this secondpassplanesarerenderedper-
pendicularto oneof theotheraxes.Assumethatthey-axishasbeen
chosen.As glCopyTexSubImage3DEXT cannot write planes
orthogonalto any otheraxisthanthez-axisto thetexturememory,
they have to be transferedto a secondvolumetexture. OpenGL’s
textureobjectsareusedbycallingglBindTexture for switching
betweenthem,which implies only a very small overhead.While
copying the datafrom the framebuffer to the texture memory, a
one-dimensionalconvolution filter is activated. As we aredealing
with two-dimensionalimagedata,wespecifya2D convolution fil-
ter with glConvolutionFilter2DEXT, using a filter kernel
thatis exactlyonepixel wide.

After this secondpassthe convolutedvolumedatahasbeenmir-
roredat theplane


)bc*� . . For texturebasedvolumerenderers
thisdoesnot imposeany restrictions,asthey only have to swapco-
ordinatesduring texturecoordinatecalculations.Whendataorder
is crucialfor theapplication,thealgorithmof passtwo canbeused
for both passes,thus restoringthe dataorder in the secondpass.
However, the texturedplaneshave to be drawn two timesperpen-
dicular to the y-axis. Cachemissesaremuchmore likely in this
casein respectto planesrenderedorthogonalto the z-axis. This
canincreasethe convolution timeson big volumesby up to 50%
evenon fastgraphicshardware.

Figure7 depictsthe relevant part of the OpenGLpipeline. It re-
veals,thatpixel fragmentsreadfrom theframebuffer areclamped
to 5d. ��e'� beforethey canbewritten backto theframebuffer or into
the texture memory. Filter kernelswith negative coefficientscan
computenegative intermediaryvaluesduring thetwo-dimensional
convolution pass,which will not contribute to thefinal 1D convo-
lution. Additionally, no negative resultscanbestoredin theoutput
volume. Thesevaluesareespeciallyneededwhenthefilter kernel
is notsymmetrical.

The strategy for avoiding theseeffects dependson the particular
application. For edgedetectionthe absolutemaximaof the fil-
tered volume data are of interest. In this case,calculatingthe
absolutevaluecanbe performedin hardware as well, further re-
ducingnecessarycomputationson the CPU. In most other cases
post-convolution scalingandbiascanbeusedto maptheexpected
resultsto the interval 56. �-e'� just beforethe clampingtakes place.
OpenGLprovides the GL POST CONVOLUTION c SCALE EXT

and GL POST CONVOLUTION c BIAS EXT parameters,which
areappliedtopixel colorvaluesafterconvolutionandbeforeclamp-
ing asdepictedin Figure7.

4 Results

Theuseddatasetsarepresentedon thecolorplate.Figures8 to 12
show slicesof a headdatasetof size

e'f'g #
. Figure8 revealsthe

unfiltereddataset,whereasFigure9 and10 presentslicesof the
softwareandhardwarelow passfilteredvolumedata,respectively.
Here, a Gaußfilter kernel of size h

#
hasbeenused. Almost no

differencescan be detected. Figure11 and 12 depict the results
for high passfiltering usingthe secondderivative of the Gaußfil-
ter, againcomputedin software and in hardware. The hardware
convolutedvolumedisplaysnoticeableartifactsthat occurdue to
thealreadymentionedclampingstepin theOpenGLpipeline. By
usingpost-convolutionscalingandbiastheartifactsdisappearcom-
pletely.

The Figures13 to 18 pictureanotherdataset that hasbeenused
for testingtheimplementation.They have beenvisualizedwith the
hardwarebasedvolumerenderingtoolkit TiVOR [11], againwith
the first picturebeingrenderedwith the original dataset. While
the noisereductioneffect of the Gaußfilter is ratherbotheringin
Figure14 by smearingvolumedetails,it hasremarkablepositive
effects on ISO surfacegeneration(compareFigures17 and 18).
Pleaseremarkthat the ISO surfacesarerenderedin real-timeus-
ing a hardware acceleratedvolumerenderingapproachdescribed
in [14].

Noise interfereswith high passfilters, which canbe seenin Fig-
ure15. Usingahighpassfilter on thealreadylow passfiltereddata
setrevealsby far moreandbetterseparabledetails(seeFigure16)
comparedto thedirectlyfilteredvolume.

We have testedthespeedour implementationagainsta well tuned
software convolution filter. Unsurprisingly, the software convo-
lution is almostcompletelymemorybound. Even extremely fast
workstationsastheOctanearelimited by themainmemoryband-



Filter size
f # iB#

h
# jB#

headk 0.33/0.72 0.33/1.02 0.33/1.56 0.48/2.0
angiol 2.5/6.0 2.5/8.7 2.5/14.7 3.7/21.3

k Datasetcreatedby computertomography,
e'fBg #

l Datasetcreatedby MR angiography,
f h'm

#

All timesweremeasuredonaSiliconGraphicsOnyx2
equippedwith a BasicRealitygraphicspipe. The
system has two R10000/195MHz processorsand
640MB mainmemory.

Table1: Convolution timesin secondsusinghardware/ software

width, as today’s cachesare far too small for the valuesneeded
for convolution alongthez-axis.High endmachinesastheOnyx2
performhuge3D convolutionsthreetimesfasterthanthe Octane,
evenwhenequippedwith slowerCPUs.StandardPCscannotcope
with the memorybandwidthof the Onyx2 system,andmultipro-
cessoroptionswill notacceleratetheprocessbecauseit is notCPU
bound.

Table1 shows convolution times for differentdatasetsandfilter
sizes,using software and hardware convolution. All times have
beenmeasuredonanOnyx2 equippedwith aBasicRealitygraphics
pipe. The maximumfilter sizesupportedby the graphicssystem
is

j !
. Therefor, the maximum3D convolution that can be per-

formedin hardware on this systemis
j #

. Noteworthy is the fact
thattheBasicRealitygraphicssystemis optimizedfor filter kernels
of size h

!
. Convolutionswith smallerkernelsneedexactlythesame

computationtime. Filtersof size m
!

and
jB!

sharetheirtimingresults
aswell. The

�
and



coordinatesof thevolumeareswappedduring

the hardwarebasedconvolution process,which is a sideeffect of
thepresented3D convolutionalgorithm.

5 Conclusion

As severalof today’sgraphicsworkstationvendorshaveaddedtwo-
dimensionalconvolution to their OpenGLpipeline,usingthis ca-
pability for accelerating3D convolution is an almoststraightfor-
wardapproach.Wehavedeterminedthatby usingtheimplemented
algorithm three-dimensionalconvolution can be performedeven
on big datasetswith nearly interactive rates. First promisingap-
proachesof acceleratingwaveletdecompositionandreconstruction
havebeeninvestigatedaswell [3].

As all intermediarydatais transferedto theframebuffer, clamping
canswallow negative valuesthat resultfrom the two-dimensional
convolution as well asfinal negative results. Thus this approach
is currentlymost useful for symmetricalfilter kernels. By using
post-convolutionscalingandbiasextensionstheseproblemscanbe
easilyovercome.

Non-separableconvolutionsarenotpossibleright now with thisal-
gorithm. However, by applyingseveral two-dimensionalfilter ker-
nelsandblendingconvolutedimagesin theframebuffer theuseof
non-separable3D kernelswill beapossibilityfor thefutureaswell.
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Figure 8: The unfiltered
headdataset

Figure9: Head,low pass
filteredin software

Figure 10: Head, low
passfiltered in hardware

Figure 11: Head, high
passfilteredin software

Figure 12: Head, high
passfiltered in hardware

Figure13: Theoriginal angiog-
raphydataset

Figure 14: The Gauß filtered
dataset

Figure 15: Data, after di-
rect filtering with Gauß’second
derivative

Figure16: First low pass,then
highpassfiltereddata

Figure17: ISOsurfaceson theoriginalangiographydataset Figure18: ISOsurfaceson theGaußfiltereddataset


