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Abstract. Waveletsandrelatedmultiscalerepresentationsareimportantmeans
for edgedetectionandprocessingaswell asfor segmentationandregistration.
Due to thecomputationalcomplexity of theseapproachesno interactive visual-
izationof theextractionprocessis possiblenowadays.By usingthehardwareof
moderngraphicsworkstationsfor acceleratingwaveletdecompositionandrecon-
structionwe realizea first importantstepfor removing lagsin the visualization
cycle.

1 Intr oduction

Featureextractionhasbeenprovento bea usefulutility for segmentationandregistra-
tion in volumevisualization[7, 13]. Many edgedetectionalgorithmsusedin this step
employ waveletsor relatedbasisfunctionsfor theinternalrepresentationof thevolume.
Additionally, waveletscanbe usedfor fastvolumevisualization[5] usingthe Fourier
renderingapproach[8, 12].

Wavelet analysisis a mainly memoryboundproblem.Graphicshardwareon the
other handregularly hasmemorysystemsthat can be addressedextremely fast. As
moderngraphicshardwareof several vendors,for instanceSilicon Graphics[9], has
supportfor two dimensionalconvolution andthe ability to scalebitmapsby arbitrary
factors,all necessarystepsneededfor wavelet decompositionandreconstructionare
available.

Additionally, threedimensionalconvolutionwith separablefilter kernelscanbeim-
plementedby using thesehardwaresupportedconvolution filters along with volume
textures[3], paving the way to 3D waveletanalysis,which will benefitfrom the high
memorybandwidthof thegraphicshardwareevenmore.

However, thereare still several pitfalls to be circumvented,which are addressed
in our previous paperaboutthe first stepsto hardwarebasedwavelet analysis[4]. In
this paper, we will emphasizenew algorithmicaspectsof the accelerationprocessby
utilizing specialOpenGLfeatures.

2 Wavelets

In thepasttwo decades,waveletanalysishasgrown from a mathematicalcuriosityinto
a major sourceof new basisdecompositionandsignalprocessingalgorithms[10,14].
Theimportanceof orthonormalbasisof waveletsandmulti-resolutionanalysisresides



in theirhierarchicalnature,whichoffersamathematicalframework for describingfunc-
tions at differentlevels of resolution.Using basisfunctionswith goodapproximation
properties,i.e. with many vanishingmoments,one can representfunctionsby keep-
ing only theimportantcoefficients(regularly calledfeatures) anddiscardingall others.
Thissectionsgivesashortintroductioninto thebasicsof wavelettheory. Detailson the
theorycanbefoundin [1, 2,6].

A multi-resolutionanalysiscanbe thoughtof asa ladderof approximatingclosed
subspaces� Vj � j � Z of L2 � R � . The functionsin thesesubspaceshave well definedscal-
ing and translationproperties.Furthermore,thereexists a function φ � V0 suchthat�

φ0 � n; j � n � Z 	 with φ j � n 
 2 j � 2φ � 2 jx � n� is anorthonormalbasisof V0. Underthese
conditionsonecanconstructanorthonormalwaveletbasis

�
ψ j � n; j � n � Z 	 with ψ j � n 


2 j � 2ψ � 2 jx � n� , suchthatfor any function f in L2 � R �
Pj f 
 Pj 
 1 f � Q j 
 1 f � (1)

wherePj andQ j aretheorthogonalprojectionsontoVj andWj , respectively:

Pj f 
 ∑
n � Z

�
f � φ j � n � φ j � n � Q j f 
 ∑

n � Z

�
f � ψ j � n � ψ j � n �

The function ψ is sometimescalledthe motherwavelet.The projectionPj f onto the
subspacesVj correspondsto thedifferentresolutionlevelsin which thefunction f can
bedecomposed.Theseprojectionscontainthesmoothinformationof f ata givenlevel
of resolution.TheprojectionsQ j f ontothesubspacesWj spannedby theψ j � n represent
the detail informationof f requiredto move from oneresolutionapproximationsub-
spaceto thenext finerone.Equation(1) is thewaveletdecompositionof thefunction f .
Thescalingfunctionφ satisfiesthetwo-scalerelation

φ 
 ∑
n

hnφ1 � n � (2)

which is adiscretelow-passfilter operationwith thefilter
�
hn 	 n � Z .

Now we startwith a scaleapproximationf j � 1 
 Pj � 1 f of a function f in Vj � 1 and
decomposeit into a coarserapproximationin Vj . Due to the fact thatVj � 1 
 Vj � Wj ,
we have f j � 1 
 f j � δ j , whereδ j 
 Q j f . In termsof theorthonormalbases

�
φ j � n 	 n � Z

and
�
ψ j � n 	 n � Z, wehave

f j 
 ∑
n

c j
nφ j � n � δ j 
 ∑

n
d j

nψ j � n �
wheretherelationbetweenthecoefficientsof thetwo levelsof resolutionis givenby

c j 
 1
n 
 ∑

k

hk 
 2nc j
k � d j 
 1

n 
 ∑
k

gk 
 2nc j
k (3)

andgn 
 ��� 1� nh1 
 n. h andg arethe low-passandhigh-passfilters, respectively. The
decimationby a factor2 correspondsto a down-samplingwhengoing from onelevel
to thenext coarserone.ThisdecompositioncanbecontinuedusingtherelationVj � 1 

Vj � Wj andsoon until a givenlevel J

�
j, obtainingthefollowing approximationfor

f :
f j � 1 
 δ j ��������� δJ � 1 � δJ � f J
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Fig.1. TheHaarscalingfunction,wavelet,andfilter coefficientsfor HaarandDaubechies(4)
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Fig.2. DecompositionusingHaarwavelets

h1 h0

j
0c j

1c j
2c

j+1c0 cj+1
1 cj+1

2 cj+1
3 cj+1

4 cj+1
5

g1 g0

j
0d j

1d j
2d

00 0 0 0 0

Fig.3. ReconstructionusingHaarwavelets

Theinverseoperation,thereconstructionof f j � 1 from f j andδ j , is simply givenby:

c j � 1
k 
 ∑

n
� hk 
 2n c j

n � gk 
 2n d j
n � (4)

Now let us take a look at an example.The simplestpossiblewavelet is the Haar
wavelet.Figure1 depictsits scalingfunctionandthemotherwavelet togetherwith the
filter coefficients.

We will now decomposea setof coefficientsc j
k into the c j 
 1

k of the next coarser
level. In Figure2 thedecompositionprocessis explained.Theinputdataareconvolved
with thefilter kernelshn andgn anddown-sampledby afactorof 2. Thisprocesscanbe
continuedwith thelow-passfilteredcoefficientsc j 
 1

k , until only onecoefficient is left.
In orderto reconstructtheoriginalsignal,thelow- andhigh-passfilteredcoefficients

areprocessedasshown in Figure3.Thecoefficientsareup-sampledandthenconvolved
with therevertedfilter kernelsaccordingto (4).

Sofar we have only dealtwith one-dimensionaldata.For higherdimensionsbases
which aretensorproductsof theone-dimensionalcaseareused.Thereexist otherap-
proachesfor selectingorthogonalbasisfunctions,but tensorproductwaveletsareeasier
to understandandfasterto compute.

3 The Rendering Pipeline

As it can be directly derived from Equations(3) and (4), wavelet decompositionis
practicallydoneby aninput signalfiltering anda down-samplingstep.Reconstruction
on the otherhandis performedby first up-samplingandfiltering afterwards.Modern
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Fig.4. TheOpenGLgraphicspipeline

graphicshardwaresupportsfiltering andscaling(resampling)for imagetransferopera-
tions,which we will utilize for hardwarebasedwaveletdecompositionandreconstruc-
tion. Therelevantpartof thetheOpenGLgraphicspipelineis depictedin Figure4.

In orderto mapthewavelettransformationontothegraphicshardware,wewill use
a mathematicalspecificationof the graphicspipe.A moreelaboratedmodelhasbeen
derivedin [4]. Let usconsidertherelevantpartsof thegraphicspipelinefor imagedata.
Whenarectangularpartof theframebuffer is to becopiedfrom asourcearea,its color
valuesarepipedthroughthe pixel transfersystemandthe rasterizer, beforethey are
written to thedestinationarea.Pixel transferincludesscalingandbiasingof thecolor
values,convolution with a prior definedfilter kernelandclampingto the usualcolor
valuerange � 0 � 1� . Therasterizertransposesthe input imageto thedesignateddestina-
tion areawhile zoomingit with arbitraryzoomfactors,in otherwords,it performsup-
anddown-sampling.

Now let pn� 1 be the pixel datathat resultsfrom a graphicaloperationon pn. For
simplificationwe will assumethat pn is one-dimensional.A first approximationof the
relevant part of the graphicspipeline can be written as a compositionof a convolu-
tion (co),a clampingstep(cl), a transposition(tr), andthescalingstep(sc):

pn� 1 
 sc � tr � cl � co � pn � (5)

sc� pi � 
 p � zi (6)

tr � pi � 
 pi 
 xs � xd (7)

cl � pi � 
 max� 0 � min � 1 � pi ��� (8)

co� pi � 
 s � m

∑
j ! 0

k j pi � j � b � (9)

with zoomz, sourcexs anddestinationxd position,scalings, andbiasb parameters,and
with a convolutionkernelk of sizem. As explainedabove,(co) and(cl) areperformed
in thepixel transfersystem,while (tr) and(sc)describethetaskof therasterizer.

Theseequationsareappliedto pixels pn� 1
i of thedestinationareai �"� xd �#� xd � w �

1 � m� � z� , with w beingtheimagesize.Theremainingpixelsstick to their old values,
thatis, they areequalto pn

i .
As we now have a mathematicalmodelof the renderingpipeline,we canaddress

theproblemof mappingwavelet transformationsontothehardwareasthenext logical
step.
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4 HardwareBasedDecomposition

Comparedto theorderof operationsin thegraphicspipeline,of which therelevantpart
is depictedin Figure4, waveletdecompositionfits neatlyinto its scheme.Remember-
ing that scalingis a part of the rasterizationprocess,convolution is performedin the
graphicspipejust beforeimagescaling.

Whenwewrite thewaveletdecomposition(3) as

c̆ j 
 1
n 
 ∑

i
hi c

j
n� i � d̆ j 
 1

n 
 ∑
i

gi c
j
n� i � (10)

c j
n 
 c̆ j

2n � d j
n 
 d̆ j

2n (11)

andcompareit to Equations(5) to (9), we seethateachof thewaveletdecomposition
filter stepsmatchesthecalculationsof theOpenGLgraphicspipeperfectly, exceptfor
theclampingsteps.Clampingintroducesseveralproblemsto thesealgorithms,thathave
to be addressedby usingarbitraryscaleandbiasparameters.This aspectis discussed
in detailin [4]. (6) implementsthedown-scalingin (11)and(10)canbeexpressedwith
theconvolutionfilters (9).

Onething to noteis that the imagedatapn
j aswell asthe filter kernelk j areonly

definedfor j $ 0.Thefilter kernelsizeis furtherlimited by hardwarespecificconstants,
which arerathersmall.Thusit is necessaryto displacethe filter kernelandthe input
andoutputimagespecificationsbeforeinvocation.Of course,thedisplacementhasto
becompensatedin thefinal convolutionstep.

Theinputdatahaveto beconvolvedusingtwo differentfilters,soeithertheresulting
imageshave to be written to anotherpart of the framebuffer, just like in our earlier
approach,or they have to be donetogetherin onestep.Now rememberthat we are
actuallydealingwith 2D images.Whenwecombinebothtensorproductstepswith the
two differentfilters,wegeta totalof four filters thathaveto beappliedto thedata.

As thegraphicspipelineworksonRGBA imagesnevertheless,it seemsto bestraight-
forward to useRGBA convolution filters insteadof luminanceonly filters to combine
thesefour stepsinto oneasdepictedin Figure5. This will speedup thedecomposition
significantly, asthe rastermanagerneedsto addressonly onefourth of thenumberof
pixelsof thepreviousmentionedapproach,andtheconvolutionpipelineis implemented
for colorfiltersanyway. Additionally, wedonothaveto copy thesourceimagein order
to save it for thesecondfilter, whichmakesfor anotherfactorof two.

=

G

B A

R

low / hi hi / hi

hi / lowlow / low

RGBA

Fig.5. UsingoneRGBA convolution insteadof four differentluminanceonly convolutions
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Createconvolution filter: h̃ j % h j � α , g̃ j % g j � α ,

f R
j & k % h̃ j ' h̃k , f G

j & k % g̃ j ' h̃k , f B
j & k % h̃ j ' g̃k , f A

j & k % g̃ j ' g̃k ( j ) k .

Calculatescalings andbiasb . Setpost-convolution scalingto s .
Setpost-convolution biasto b .
Setpixel zoomto 1 * 0 + 1 * 0 . Setcolor matrix to

,
1 1 1 1
0 0 0 0
0 0 0 0
0 0 0 0 - .

Copy area . δx / α / ix ) δx / α / ix / wx / ∆ � 101+2. δy / α / iy ) δy / α / iy / wy / ∆ � 10
to . ox ) ox / wx / ∆ � 103+4. oy ) oy / wy / ∆ � 10 .
Setpixel zoomto 0 * 5 + 0 * 5 . Disablecolormatrix.
Copy area . ox ) ox / wx / ∆ � 103+5. oy ) oy / wy / ∆ � 10 to . ox ) ox / 1

2wx 03+5. oy ) oy / 1
2wy 0 , using

convolution filter f (size∆2).

h j , g j Low- andhigh-passfilters, respectively
α Index of first non-zeroelementof bothfilters
∆ Sizeof filters
δ Shift offset(seetext)
i, w Input imageoffsetandsize
o Outputimageoffsets

Fig.6. Implementationsequencefor waveletdecompositionin hardware

However, it turnsout thatwe still have to copy thesourceimage,becauseOpenGL
doesnot provide a pre-convolutioncolor matrix,which would benecessaryto provide
thesameinformationto thefour differentfilters. As we want to addressonly the low-
passfiltered dataof the previous step,which is storedin the red componentof the
calculatedimage,we have to spreadthis informationto all four color channelsusing
SGI’s color matrix OpenGLextensionbeforeinvoking the convolution filter. Still, we
have theadvantageof betterutilizationof thegraphicspipe.

Unfortunately, OpenGLis no pixel exact specification.In particular, zoomingis
only well definedaccordingto (6) for up-sampling,that is for zoom factorsgreater
thanone.Whenimagesarescaleddown, it is up to the implementationwhich pixels
to transfer. We have found that even the implementationsof one vendor— Silicon
Graphicsin our case— vary from architectureto architecture.In orderto addressthis
problem,aso-calledshift offsetδ is determined.Whenaddedto thespecificationof the
sourceimage’s left edge,it correctsthe internalpixel offset. Currently the only way
to determinethe shift offset is to draw a scaled-down versionof a well-known image
for severaldifferentshift valuesandto readit backafterwardsfor comparisonwith the
desiredresult.

Additionally, carehasto betakenat thebordersof theinput image.Severalstrate-
gieshave alreadybeendiscussed,with blankingbeingthe easiestandinput mirroring
beingoneof thebestmethodsin orderto suppresshigh frequenciesthatarenot partof
theimage,but introducedby aliasingeffects.

Finally, Figure 6 shows the implementationsequencefor wavelet decomposition
usinggraphicshardware.The calculationof the scalingandbiasvalues,which is left
out herefor clarity, is discussedin detailfor theonedimensionalcasein [4].
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5 HardwareBasedReconstruction

In contrastto thedecompositionalgorithm,waveletreconstructionis muchmorecom-
plicated,becauseaccordingto Equation(4) scalingandconvolution is to beperformed
in inverseordercomparedto therenderingpipeline(Figure4). Eitherscalingandcon-
volution have to beperformedin separaterenderingsteps,or thefilters have to besplit
andspecialcarehasto be taken in orderto renderevenandoddpixel positionssepa-
rately. Eitherway, reconstructionis morecomplicatedthandecomposition.

Moreover, dueto differentscalingandbiasvaluesfor odd andeven pixels,using
separaterenderingstepsis not a feasibleoption.Therefore,we will concentrateon the
secondpossibilityof splitting thefilters.

Now weexaminethewaveletreconstruction(4). In orderto simplify theexpression,
we have to distinguishbetweenk beingevenandodd.For evenk we substitutehk 
 2n

usinghev
n 
 h 
 2n (g accordingly)andget

c̄ j � 1
n 
 ∑

i

� hev
i c j

i � n � gev
i d j

i � n � � (12)

c j � 1
k 
 c j � 1

2n 
 c̄ j � 1
n � (13)

For oddk we usehod 
 h1 
 2n, which resultsin

ĉ j � 1
n 
 ∑

i
� hod

i c j
i � n � god

i d j
i � n � � (14)

c j � 1
k 
 c j � 1

2n� 1 
 ĉ j � 1
n � (15)

Again,wewill concentrateonthelow passfiltereddatafirst andsimplyneglectg in
thetermsabove.We canseethat (13) and(15) canbeperformedby settingaccording
zoomfactorsin (6). (12) and(14) canbe implementedin (9) by choosinghev andhod

asfilter kernels,respectively.
Of course,whenrenderingtheoddcoefficients,wehaveto makesurethatwedonot

overwrite thepreviously renderedevencoefficients.OpenGLknows abouta so-called
stencilbuffer, which providesmaskingtestsin the per-fragmentoperationpart of the
graphicspipeline.The stencil buffer hasto be initialized with a stripedpatternonly
once,afterthatthestenciltestcanbesetto renderevenor oddpixelsonly. We activate
the testfor renderingoddpixels only dueto speedreasons,aseachactivatedtestcan
slow down therenderingprocess.

Up to now wehaveonly dealtwith thelow-passfilteredcoefficientsc j
n. As wehave

thenecessaryhi-passfilteredcoefficientsd j
n storedasanothercomponentof thesame

pixels,we canuseSGI’s color matrix extensionto combinethem.Again, we useall
four red, green,blue, and alphacomponentsin order to work on 2D tensorproduct
waveletsin onestep.This is differentto our previousapproach,wherewe treatedthe
differentcoefficientsin separatesteps.The new approachis not only faster, but even
more accurate,becausecolor matrix operationsare performedwith higher precision
thanblendingoperationsin theframebuffer, andwe donot haveto dealwith clamping
artifactsin this caseeither. We disablerenderingto thegreen,blue,andalphachannels
in orderto not overwritethehi-passfilteredcoefficientsthere,which will beneededin
thenext reconstructionstep.
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Createconvolution filters:

h̃ev
j % h

2 6 αh 7 ∆h
2 8 � 2 j

, h̃od
j % h

2 9 αh 7 ∆h
2 : � 2 j � 1

, g̃ev
j % g

2 6 αg 7 ∆g
2 8 � 2 j

, g̃od
j % g

2 9 αg 7 ∆g
2 : � 2 j � 1

.

f x & y&R
j & k % h̃x

j ' h̃y
k , f x & y&G

j & k % g̃x
j ' h̃y

k , f x & y&B
j & k % h̃x

j ' g̃y
k , f x & y&A

j & k % g̃x
j ' g̃y

k ( j ) k , ( x ) y ;5< ev ) od= .

δev % �4> α � ∆ � 1
2 ? ) δod% 1 �"@ α � ∆ � 1

2 A ) ∆ev % � δev �B@ α2 A / 1 ) ∆od% � δod �B> α2 ? / 1 *
Calculatescalings andbiasbx & y, x ) y ;C< ev ) od= .
Setpixel zoomto 2 * 0 + 2 * 0 . Enablerenderingto R only, disablerenderingto G, B, andA.

Setcolormatrix to

,
1 0 0 0
1 0 0 0
1 0 0 0
1 0 0 0 - . Initialize stencilbuffer with D 0 x even,y even

1 x odd,y even
2 x even,y odd
3 x odd,y odd

.

Disablestenciltest. Setpost-convolution scalingandbiasto s̄ andb̄ev & ev .
Copy area . ix / δev ) ix / δev / wx / ∆ev � 10E+F. iy / δev ) iy / δev / wy / ∆ev � 10
to . ox ) ox / 1

2wx 03+4. oy ) oy / 1
2wy 0 , usingconvolution filter f ev & ev (size∆ev + ∆ev) .

Do ( x ) y ;4< ev ) od= :
Enablestenciltest,renderonly pixelswith stencilvalue G 1 x = od,y = ev

2 x = ev, y = od
3 x = od,y = od

.

Setpost-convolution biasto b̄x & y .
Copy area . ix / δx ) ix / δx / wx / ∆x � 103+4. iy / δy ) iy / δy / wy / ∆y � 10
to . ox ) ox / 1

2wx 03+4. oy ) oy / 1
2wy 0 , usingconvolution filter f x & y (size∆x + ∆y) .

h j , g j Low- andhigh-passfilters,respectively
α Index of first non-zeroelementof bothfilters
∆ Sizeof bothfilters
oc, od, w Input imageoffsetsandsize
oo Outputimageoffset

Fig.7. Implementationsequencefor waveletreconstructionin hardware

As weareup-samplingduringreconstruction,wedonothaveto careaboutany shift
offsetsduringzooming,asthe OpenGLspecificationis pixel exact in this case.How-
ever, wehavetocareaboutthefactthathardwarefilter kernelshk areonly tobespecified
for non-negative k. Togetherwith the problemof odd sizedfilter kernelsthis leadsto
quitehorriblefilter kernelspecifications,which canbenotedin theimplementationse-
quencein Figure7. Again, the scalingandbiasvaluesthathave to be computedhere
have beendiscussedin detail in our previouspaper. Carehasto be takenaboutimage
bordersaswell. Thepolicy heredependsheavily on thepolicy takenduringthedecom-
positionstep.Note that Haarwaveletsarequite uncomplicated,asthe reconstruction
filters have thesize1, which is a merescaling.

6 Results

Table1 revealsthatHardwarebasedwaveletfiltering is muchfasterthana well tuned
softwareimplementation.Only for verysmall imagesthesoftwaresystemoutperforms
theOpenGLhardware.Scalingandbiascomputationaswell asfilter kerneldownload
addsanalmostconstantoverheadwhichunsurprisinglyleadsto badtimesfor smallim-
ages.Ontheotherhand,performanceanalysisshowsthatthefilter operationsof current
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Haarwavelet Daubechies(4) wavelet

Size 322 642 1282 2562 5122 322 642 1282 2562 5122

Softwaredecomp. 0 * 50 2 * 0 7 * 8 31 150 0 * 70 2 * 8 11 45 209
Hardwaredecomp. 0 * 65 1 * 4 4 * 5 16 62 0 * 70 1 * 8 5 * 5 19 74
Factor 0 * 77 1 * 4 1 * 7 1 * 9 2 * 4 1 * 0 1 * 6 2 * 0 2 * 4 2 * 8
Softwarerecons. 0 * 80 3 * 6 14 55 240 1 * 2 5 * 0 19 78 340
Hardwarerecons. 1 * 4 2 * 0 5 * 0 18 66 1 * 4 2 * 0 5 * 1 18 66
Factor 0 * 57 1 * 8 2 * 8 3 * 1 3 * 6 0 * 86 2 * 5 3 * 7 4 * 3 5 * 2

Table 1. Filter timesin msper2D waveletstep

graphicshardwarearestill not optimizedandin thefuturemuchhigherthroughputcan
beexpected.

All timeshavebeenmeasuredon aSiliconGraphicsOctanewith R10000195MHz
processorandaMXE graphicspipe.Wewill addperformancefiguresfor theIntergraph
Wildcataswell assoonaspossible.

As hardware basedwavelet filtering usesthe frame buffer for its computations,
which hasonly a limited depth,the accuracy of the computationscannotbe asgood
aswith softwarebasedtechniques,which in contrastonly have to toleratethetypically
smallfloatingpoint errors.On theotherhand,whenusinga framebuffer with a depth
of 12bitsperbasecolor, only singlebit errorscanbefoundin imagesof size5122 after
completewaveletdecompositionandreconstruction,asit canbeseenonthecolorplate
in Figures8 to 11. Notethat thedifferenceimageshave beenenhancedsothatonebit
differencesarevisible.

Ontheotherhand,framebufferswith only eightbitsperbasecoloryield lesspleas-
ing results.Figures12 to 13 reveal the differencesafter completedecompositionand
reconstruction.Again, the last imagehasbeenenhancedin orderto reveal the differ-
ences.The maximumabsolutedifferencebetweenthe original imageandthe wavelet
decomposedimageis 13, thatis about5%of thetotal 8 bit color range.

7 Conclusion

Wehaveintroducedawaveletdecompositionandreconstructionalgorithm,thatdirectly
workson thegraphicshardwareof modernOpenGLcapableworkstationsandacceler-
atesthetimeconsumingfiltering stepsa lot. By usingtheconvolutionandcolormatrix
extensionstogetherwith OpenGL’s facilitiesto scaleimagesduringcopy instructions,
weareableto performall necessarystepsof 2D tensorproductwaveletfiltering without
copying datafrom or to themachine’smainmemory, thusavoiding typical bottlenecks
in the visualizationcycle. Different possibilitiesto usehardwarebasedwaveletsfor
enhancedfeaturedetectionarecurrentlysubjectof furtherinvestigations.

Usingtheframebuffer for mathematicaloperationsis usuallyproblematicin terms
of accuracy [11] dueto thelimited depthof theframebuffer. However, waveletdecom-
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positionandreconstructionhave provento berelatively robust.Only single-bitdiffer-
encesbetweensoftwareandhardwaredecomposeddatacanbedetectedwhenrendering
intermediateimagesto 12 bit accurateframebuffers.
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Report8/1998,UniversiẗatErlangen-N̈urnberg, Lehrstuhlfür GraphischeDatenverarbeitung
(IMMD IX), Erlangen,July1998.Acceptedfor publicationin ComputingandVisualization
in Science, Springer-Verlag,Heidelberg.

12. T. Totsukaand M. Levoy. Frequency Domain Volume Rendering. ComputerGraphics,
27(4):271–78,August1993.

13. R. Westermannand T. Ertl. A Multiscale Approachto IntegratedVolume Segmentation
andRendering. In ComputerGraphicsForum 16(3) (Proc. EUROGRAPHICS’97), pages
117–129.Blackwell,1997.

14. M. V. Wickerhauser. AdaptedWaveletAnalysisfromTheoryto Software. IEEE Press,New
York, 1994.

10



Fig.8. Thehead dataset Fig.9. Haarwaveletdecomposition

Fig.10. 1-bit differencesafter full Haar
decompositionand reconstructionusing a
framebuffer with 12 bitspercolor

Fig.11. 1-bit differencesbetweensoftware
andhardware Haardecompositionusinga
framebuffer with 12 bitspercolor

Fig.12.Reconstructedimageusinga frame
buffer with 8 bits percolor

Fig.13. Enhanceddifferences after full
Haardecompositionandreconstructionus-
ing a framebuffer with 8 bits percolor
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