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Abstract

Mary filtering andfeatureextractionalgorithmsuse
wavelet or relatedmultiscalerepresentationsf vol-
ume datafor edgedetectionand processing.Dueto
thecomputationatompleity of theseapproacheso
interactve visualizationof the extraction processis
possiblenowvadays. Using the hardware of modern
graphicsworkstationdor waveletdecompositiorand
reconstructioris a first importantstepfor removing
lagsin thevisualizationcycle.

1 Introduction

Featureextractionhasbeenprovento beauseful
utility for seggmentationand registrationin vol-

umevisualization[6, 14]. Many edgedetection
algorithmsusedin this stepemploy waveletsor
relatedbasisfunctionsfor theinternalrepresen
tation of thevolume. Additionally, waveletscan
be usedfor fastvolume visualization[4] using
the Fourierrenderingapproachi7, 13].

Wavelet decompositiorand reconstructions
usuallyimplementedoy applyingmultiple con-
volution and down- / up-samplingstepsto the
volume data. The convolution stepswill not
scalewith new computerhardware as well as
pure computationalproblems, as they are al-
readymainly memory-bound.Whenusingtyp-
ical tensorproductwavelets the completevol-
umedatahasto beaccessethreetimesfor each
waveletfiltering step.

Additionally,  when visualizing three-
dimensional data, the volume has regularly
to be downloadedin form of a regular grid to
the graphicshardwareafterfiltering to visualize

it interactvely [8, 10, 15. Here, the dataset
is storedfor texture basedvolumerenderingin
specialtexture memory which canbe addressed
by the graphicspipe very fast. The loading
processitself is relatively slow, taking several
secondsfor big data sets even on the fastest
availablegraphicsworkstations.As the dataset
hasto be reloadedafter a filter operationhas
beenperformedin software,interactve filtering
will benefita lot from algorithmsthat directly
work onthegraphicshardware.

Ontheotherhand,moderngraphicshardware
of severalvendorsasfor instanceSilicon Graph-
ics [9], hassupportfor two dimensionalconvo-
lution. Threedimensionatonvolution with sep-
arablefilter kernelscanbe implementedoy us-
ing thesehardware supportecconvolution filters
alongwith volumetextures[3]. Togetherwith
the ability to scalebitmapsby arbitrary factors
all necessargtepsneededor waveletdecompo-
sition andreconstructiorareavailable.

Thememoryinterfaceof graphicshardwareis
usuallydesignedn amuchmoreparallelwayin
high end systemscomparedto the interface of
the CPU. Additionally, the volume datado not
have to be downloadedfor visualization,when
the wavelet analysiscan be donecompletelyin
hardware,asit alreadyresidesn thevolumetex-
ture memoryof the graphicssystem. However,
therearestill severalpitfallsto be circumwented,
whichwe will addressn moredetailin the Sec-
tions4to 6.



2 Wavdets

In the pasttwo decadeswavelet analysishas
grown from a mathematicaturiosity into a ma-

jor sourceof new basisdecompositiomndsignal
processinglgorithms[11, 16]. Theimportance
of orthonormalbasis of wavelets and multi-

resolutionanalysisresidesin their hierarchical
nature,which offers a mathematicaframeavork

for describingunctionsatdifferentlevelsof res-
olution. Usingbasisfunctionswith goodapprox-
imationpropertiesi.e. with mary vanishingmo-

ments,one can represenfunctions by keeping
only the importantcoeficients(regularly called
featue9 and discardingall others. This sec-
tions gives a shortintroductioninto the basics
of wavelettheory Detailson the theorycanbe

foundin [1, 2, 5].

A multi-resolutionanalysiscanbe thoughtof
as a ladderof approximatingclosedsubspaces
(V})jez of L*(R). Thefunctionsin thesesub-
spacedave well definedscalingandtranslation
properties. Furthermore,there exists a func-
tion ¢ € V, suchthat{¢g,; j,n € Z} with
bjn = 292¢(27x — n) is an orthonormalbasis
of V,. Undertheseconditionsonecanconstruct
an orthonormalwaveletbasis{v; ,; j,n € Z}
with ¢;,, = 29/2(29z — n), suchthat for ary
function f in L*(R)

Pif =Piaf+Qjf, (1)

whereP; and(); arethe orthogonalprojections
ontoV; andW;, respectrely:

P]f = Z<f7¢j,n>¢j,n
nez

Qif = D <[fitjn> .
neZ

The function v is sometimescalled the mother
wavelet. The projectionP; f ontothe subspaces
V; correspondso the different resolutionlev-
elsin which the function f canbe decomposed.
Theseprojectionscontainthe smoothinforma-
tion of f atagivenlevel of resolution.The pro-
jections@), f ontothe subspace$l; spannedy

the; , representhedetail informationof f re-

quiredto move from oneresolutionapproxima-
tion subspacéo the next finer one. Equation(1)

is the wavelet decompositiorof the function f.

Thescalingfunction¢ satisfieghetwo-scalere-
lation

¢ = Z h'nqsl,n ) (2)

whichis adiscretdow-pasdilter operationwith
thefilter {h, } nez-

Now we start with a scale approximation
fit = P;, f of afunction f in V;,, andde-
composeit into a coarserapproximationin V.
Dueto thefactthatV,,, = V; @ W;, we have
it = fi+47, wheres? = Q; f. In termsof the
orthonormabases{¢; , } nez and{v;, }nez, We
have

Fo=
& =

Z CZL(/j)j,n )
Z d%wj,n ’

wheretherelationbetweerthecoeficientsof the
two levelsof resolutionis givenby

CzL_l = Z hk72n C]]c 3
aimt = > Ge-oncl, (3)
k

andg, = (-1)"h;_,. h andg are the low-
passandhigh-pasdilters, respectrely. Thedec-
imation by a factor 2 correspondgo a down-
samplingwhengoingfrom onelevel to the next
coarserone. This decompositiorcanbe contin-
uedusingtherelationV;,,; = V; & W; andsoon
until agivenlevel J < j, obtainingthefollowing
approximatiorfor f:

fj+1:5j+"'+5J+1+6J+fJ

Theinverseoperationthereconstructiorf f7+!
from f7 andé’, is simply givenby:

C]];H = Z(hkan cﬁl + 9k on d%)

n

(4)



Figure 1: The Haar Figure 2: The Haar
scalingfunction wavelet

Figure3: DecompositiorusingHaarwavelets

Now let us take a look at an example. The
simplestpossiblewavelet is the Haar wavelet.
Figuresl and 2 depictthe scalingfunction and
themotherwavelet,respectrely. Thefilter coef-
ficientsfor the Haarwaveletsare

1 _
hn _ ﬁ n = 0, ]_
0 otherwise
L n=0
_ oo

0 otherwise

Wewill now decomposasetof coeficientsc]
intothec, " of thenext coarsetevel. In Figure3
the decompositiorprocesss explained. Thein-
put dataare corvolved with thefilter kernelsh,,
andg, anddown-sampledy afactorof 2. This
processcanbe continuedwith the low-passfil-
teredcoeficientsc] ', until only onecoeficient
is left.

In orderto reconstructhe original signal,the
low- andhigh-pasdiltered coeficientsare pro-
cessedisshovnin Figure4. Thecoeficientsare
up-sample@ndthencorvolvedwith thereverted
filter kernelsaccordingo (4).

So far we have only dealt with one-
dimensional data.  For higher dimensions

j+1
Cl
k

ofr]2fs]4]s]

Figure4: ReconstructiomsingHaarwavelets

Figure5: Two-dimensionailvaveletdecomposi-
tion usingtensorproductwavelets

baseswhich are tensor productsof the one-
dimensionalcaseare used. There exist other
approachesor selectingorthogonalbasisfunc-
tions, but tensorproductwaveletsare easierto
understanéndfasterto compute.

Figure 5 reveals, how a two-dimensional
wavelet decompositionis performed. First, the
dataaredecomposetine by line in thedirection
of the x-axis. Both the low-passandthe high-
passfiltered dataare storedsideby sideto each
other sothey canbefilteredin asecondstepcol-
umn by columnin the direction of the y-axis.
Afterwards, the lower left part of the final fig-
urerevealsthetwo-dimensionalow-pasdiltered
data,the upperleft andlower right partscontain
the perpendiculato one of the axes high-pass
filtered data,andthe upperright areashaws the
completelyhigh-pasdiltered coeficients.

3 TheRendering Pipeline

As it canbedirectly dervedfrom Equationg3)
and (4), wavelet decompositionis practically
done by filtering an input signal and a down-
sampling step. Reconstructionon the other
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Figure6: The OpenGLgraphicspipeline

handis performedby first up-samplingandfil-
tering afterwards. Modern graphicshardware
supportsfiltering and scaling (resampling)for
image transfer operations,which we will uti-
lize for hardware basedwavelet decomposition
andreconstruction.Therelevant part of the the
OpenGL graphicspipeline is depictedin Fig-
ure6.

In orderto simplify the descriptiorof the pro-
cesswe will shav the procesdor a onedimen-
sionalwavelettransformation As we have seen
in the previous chaptey tensor product based
multi-dimensionalvavelettransformationgrea
straight-forvard extensionto this approach.In
particular [3] coversthe detailsof how to em-
ploy 3D texture hardware in orderto perform
threedimensionatonvolutionwith separablél-
terkernelswhich canbeeasilyextendedo cope
with wavelettransformations.

Now let usconsidetow thegraphicspipeline
works on imagedata. Whena rectangularpart
of the frame buffer is to be copied from a
sourcearea,its color valuesare piped through
the pixel transfersystem,the rasterizerand the
perfragmentoperationsystembefore they are
written to the destinatiorarea.Pixel transferin-
cludesscalingand biasingof the color values,
convolutionwith a prior definedfilter kerneland
clampingto the usualcolor valuerange|0, 1).
The rasterizeitransposeshe input imageto the
designateddestinationarea while zooming it
with arbitrary zoom factors,in otherwords, it
performsup- and down-sampling. In the final
perfragmentoperationsstep,the resultingpixel
valuesare blendedwith the pixel valuesof the
destinatiorareausingseveralpre-definedlend-
ing functions.Thisstepincludesafinal clamping

stepaswell.

In orderto map the wavelet transformation
onto the graphicshardware, we needa mathe-
matical specificationof the pixel operationsof
thegraphicspipe. Let p" ™! bethepixel datathat
resultsfrom a graphicaloperationon p™. Again,
for simplificationwe will assumehatp™ is one-
dimensional. A first approximationof the rel-
evant part of the graphicspipeline canbe writ-
tenasa compositionof a convolution (co), two
clampingsteps(cl), atranspositior{tr), the scal-
ing step(sc),andablendingoperation(bl):

p"™ = clobloscotrocloco(p) (5)
bl(p:) = T(pi, p}) ©)
SApi) = Plail (")
tr(pi) = Pi—zataqy ®)
cl(p;) = max(0, min(1, p;)) ©)
colp;) = s> kjpi; +0, (10)

=0

with zoomz, sourcez, anddestinationr,; posi-
tion, scalings, andbiasb parametersandwith
a convolution kernelk of sizem. As explained
above, (co) and(cl) are performedin the pixel
transfersystem(tr) and(sc)describethe taskof
therasterizerand(bl) and(cl) illustratethe per
fragmentoperations.

Theseequationsare appliedto pixelsp?* of
thedestinatiorarea € [z4, (z4+w+1—m)-2),
with w being the image size. The remaining
pixels stick to their old values, that is, they
are equalto p?. The blendingfunctionT' can
be chosenfrom a predefinedset. For wavelet
filter operationswe use identity T'jq(z,y) =
x, addition T'y4q(z,y) = = + y and subtrac-
tion 'y (x,y) = y — z, which areavailableas
extensiongo the OpenGLstandard.

As we now have a mathematicalmodel of
therenderingpipeline,we canaddresghe prob-
lem of mappingwavelettransformationsntothe
hardwareasthe next logical step.



4 Hardware Based Decompo-
sition

Comparedto the order of operationsin the

graphicspipeline, of which the relevant partis

depictedn Figure6, waveletdecompositiorfits

neatlyinto its scheme.Rememberinghat scal-
ing is performedas a part of the rasterization
processgconvolution is performedin the graph-
ics pipejustbeforeimagescaling.

Whenwe write thewaveletdecompositiorf3)
as

a1 = S hid,,, (11)
&= Y gd.,,, (12)
d = &,, & = dj, (13)

andcomparat to Equationg5) to (10),it is easy
to seethateachof thewaveletdecompositioffil-
terstepanatcheghecalculationsf theOpenGL
graphicspipe perfectly exceptfor the clamping
stepsWe will addresshis problemin Section6.
(7) implementsthe down-scalingin (13), (11)
and(12) canbe expressedwith the corvolution
filters (10) andanidentity blendingoperation’;q
in (6).

One thing to note is that the image datapf
aswell asthe filter kernel k; are only defined
for j > 0. Thefilter kernelsizeis furtherlimited
by hardwarespecificconstantsyhich arerather
small. Thusit is necessaryo displacethefilter
kernelandtheinput andoutputimagespecifica-
tionsbeforeinvocation.Of coursethe displace-
menthasto becompensateuh thefinal corvolu-
tion step.

Becausehe input datahave to be convolved
using two differentfilters, the resultingimages
have to be written to anotherpart of the frame
buffer so that the original datasetis not over-
written. Thesetwo partsof the framebuffer can
be usedalternatelywhentensorproductwavelet
decompositionkave to becomputed.

UnfortunatelyOpenGLis no pixel exactspec-
ification. In particular zoomingis only well de-
fined accordingto (7) for up-sampling,that is

Createconvolutionfilters: h; = iy, ,
Setpixel zoomto 0.5 .
Setblendingfunctionto T'yq .

h’neg = Ek min((], hk) s hpos = Zk maX(O, h/k) ,
gneg = Ek min(07gk) ) gpos = Zk max(O,gk) .
1

Ji = Gitay, -

R S

Setpost-conolutionscalingto sy, .
Setpost-comolutionbiasto by, = —hneg - sn -
Copy areald + ap +0; , d +ap +0;i +w+ Ap — 1)

to [o. , 0. + sw), usingcorvolutionfilter h (sizeAp).

89 = Fpor—fnes

Setpost-comolutionscalingto s, .
Setpost-conolutionbiasto by = —gneg - Sg -

Copy areald + ag +0; , d + g +0; + w+ Ay — 1)
to[oq , 04 + Lw), usingconvolutionfilter g (sizeA,).

hj,g; Low-andhigh-pasdilters, respectiely
Qg Index of first non-zercelementof filter x
A, Sizeof filter =

) Shift offset(seetext)

o;,w Inputimageoffsetandsize

0:, 04 Outputimageoffsets

Figure7: Implementatiorsequencdor wavelet
decompositionn hardware

for zoom factorsgreaterthan one. Whenim-

agesarescaleddown, it is up to the implemen-
tation which pixels to transfer We have found

thateventheimplementation®f onevendor—

Silicon Graphicsin our case— vary from archi-

tectureto architecture.In orderto addresghis

problem,a so-calledshift offseté is determined.
When addedto the specificationof the source
images left edge,it correctsthe internal pixel

offset. Currentlythe only way to determinethe

shift offsetis to draw a scaled-dwn versionof a

well-known imagefor severaldifferentshift val-

uesandto readit backafterwardsfor comparison
with thedesiredresult.

Additionally, carehasto be taken at the bor-
dersof theinputimage. Several stratgieshave
alreadybeendiscussedwith blankingbeingthe
easiesandinput mirroring beingoneof the best
methodsin orderto suppressigh frequencies
thatarenot partof theimage,but introducedby
aliasingeffects.

Finally, Figure 7 shaws the implementa-
tion sequencdor wavelet decompositiorusing
graphicshardware. It also computesthe scal-



ing and bias valuesthat are discussedn detail
in Section6.

5 Hardware Based Recon-
struction

In contrastto the decompositionalgorithm,
wavelet reconstructionis much more compli-
cated,becauseaccordingto Equation(4) scal-
ing andcorvolutionis to be performedn inverse
order comparedo the renderingpipeline (Fig-
ure 6). Either scalingand corvolution have to
be performedin separateéenderingsteps.or the
filters have to be split andspecialcarehasto be
takenin orderto renderevenandodd pixel po-
sitions separately Either way, reconstructions
moreexpensyve thandecomposition.

Moreover, we will discoverin Section6, that
using separataenderingstepsis not a feasible
option. Therefore,we will concentrateon the
secondoossibility of splitting thefilters.

Now we examine the wavelet reconstruc-
tion (4). In orderto simplify the expression,
we have to distinguishbetweenk being even
and odd. For even k we substitutehy_,, us-
ing hY¥ = h_s, (g accordingly)andget

EZL_H = Z(hfvczy—kn + gzevdg—l—n) ’

A
i+l i+l

(14)
a’ (15)
For odd k& we useh®? = h;_,,, Whichresultsin

éZL+1 = Z(hgdcg+n + gz(')ddg+n) ’

(16)

at = den o= @ (17)

Again,wewill concentratenthelow pasdil-
tereddatafirst andsimply neglectg in theterms
above. We canseethat(15) and(17) canbe per
formedby settingaccordingzoomfactorsin (7).
(14) and (16) can be implementedin (10) by
choosingh®’ and h°¢ asfilter kernels,respec-
tively. Theblendingfunctionis setto I';q for this
step,justasin thedecompositionomechanism.

Of course, when renderingthe odd coefi-
cients,we have to make surethatwe donotover-
write the previously renderedeven coeficients.
OpenGL provides the so-calledstencil buffer,
whichprovidesmaskingiestsan theperfragment
operatiorpartof thegraphiceipeline. Thesten-
cil buffer hasto beinitialized with a stripedpat-
tern only once,after that the stenciltestcanbe
setto rendereven or odd pixelsonly. We acti-
vate the testfor renderingodd pixels only due
to speedeasonsaseachactivatedtestcanslow
down therenderingprocess.

Up to now we have only dealtwith the low-
passfiltered coeficients ¢. We now have to
addthe convolutedd’, to the valuesthatalready
residein the frame buffer. Therefore,we per
form anotherrenderingstepin which we copy
thehigh pasdilteredcoeficientswith the cornvo-
lution kernelsg®” andg®? justoverthepreviously
low-passconvolved coeficients. This time, we
selectl',qq asthe blendingfunction, by which
therendereddataare addedto the valuesin the
framebuffer ratherthanoverwritingthem.

Unfortunatelythesecondtlampingstepin (5)
prohibitsvalues< 0 to be correctly subtracted
from the framebuffer. Therefore the samecon-
volution hasto be renderedwice, onetime us-
ing the scaleand bias valuesdiscussedn the
next sectionandI',44 asblendingfunction, one
time usingthe negatedscaleandbiasvalues us-
ing sy, for blending.

As we areup-samplingduringreconstruction,
we do not have to careaboutary shift offsets
duringzooming,asthe OpenGLspecifications
pixel exactin this case. However, we have to
careaboutthefactthathardwarefilter kernelsh,,
areonly to be specifiedfor non-ngative k. To-
getherwith the problemof odd sizedfilter ker-
nelsthisleadsto quitehorriblefilter kernelspec-
ifications,which canbe notedin the implemen-
tationsequencén Figure8. Thescalingandbias
valuesthat are computedhereare discussedn
detailin the next section. Again, carehasto be
taken aboutimagebordersaswell. The policy
heredependdeaily onthe policy takenduring
the decompositiorstep. Note thathaarwavelets
arequite uncomplicatechere,asthereconstruc-



Createconvolutionfilters:
hd =h

rev
hz' - hQL%J_Qi ’ 2[%1_2“_1 )

~e — ~od _
9" = Iy 2et8a | 90 i T Gpr2etleq iy -
Setpixel zoomto 2.0 .

Initialize stencilbuffer with {

ZLneg =, min(0, hy) ,

0 evenpixels
1 oddpixels -

leos = Ek max (0, h) ,

hev = Zk h2k ) hod = Zk h2k+1 )

qneg = Zk min(0, g¢) , ons = Zk max (0, gr,)

Jev =1 9% > Jod = D_p92k+1 5

(52" — _Lah+§h—1J , 5zd —-1- [‘ah"l‘?h—l" ,
v agt+Ag—1 agt+Ag—1

5; =-| g+29 1, 5§d =1-1 g+29 1,

AY =5 —[2]+1, A9 =629 —|2]+1,

A =6V —[3]+1, A =69 —|%]+1,
é(’elv = Eev . Bneg ’ ézd = Eod : Eneg )

bzv = gev : gneNg ) bgd = God * Jneg ;

Sh = hpos - hneg , Sg = gpos - gneg -

Disablestenciltest.

Setblendingfunctionto T'yq .

Setpost-corolution scalingandbiasto 5, andb$" .
Copy areafo. + 65¥ , oo + 65 + w + A}’ — 1)
to [0, , 0, + 1w), usingconvolutionfilter hev (sizeAgY).
Setblendingfunctionto T',4q -
Setpost-corolutionscalingandbiasto 3, andEgV .
Copy areaoq + 657 , o4 + 05° + w + A — 1)
to [0, , 0, + 3w), usingconvolutionfilter gev (sizeAfY).
Setblendingfunctionto Iy, .

Setpost-corolution scalingandbiasto —3, and—l_)g" .
Copy areaoq + 637 , o4 + 05" + w + A — 1)
to [0, , 00 + %w), usingconvolutionfilter g¢v (sizeAgY) .
Enablestenciltest,renderonly pixelswith stencilvaluel.
Setblendingfunctionto T'iq .
Setpost-corolutionscalingandbiasto 5, andb3? .
Copy areafo. + 829, o, + 829 + w + A4 — 1)
to [0, , 0, + 2w), usingconvolutionfilter h° (sizeAgd) .
Setblendingfunctionto ', 4q .
Setpost-corolutionscalingandbiasto 5, andb? .
Copy arealfoq + 639 , oq + 03¢ + w + A — 1)
to [0, , 0, + 3w), usingconvolutionfilter g°¢ (size AJ?) .
Setblendingfunctionto gy, .

Setpost-corolution scalingandbiasto —3, and—l_)gd .
Copy areafoq + 639 , oq + 03¢ + w + A — 1)
to[o, , 0, + $w), usingconvolutionfilter go¢ (size AJ?) .

hj, 9; Low- andhigh-pasdilters, respectiely
Qg Index of first non-zercelemenf filter z
A, Sizeof filter

0, 04, w  INputimageoffsetsandsize

0o Outputimageoffset

Figure8: Implementatiorsequencdor wavelet
reconstructionn hardware

tion filters have the size1, whichis amerescal-
ing.

6 Data Scaling

Up to now we dealtwith the graphicspipe asif
it could copewith floating point values. This is
apparentlynot correct,as all frame buffer val-
ues are clampedto the interval [0,1). Luck-
ily OpenGLprovidesthe possibilityto scaleand
biaspixel dataaftertheconvolutionstep justbe-
fore the clampingtakesplace.

In orderto upholdconsisteng while perform-
ing the decompositionye introducescalingpa-
rameterss,, s,, andoffsetvaluesb,, b,, thatfit
theresultingscaledwaveletcoeficients¢ andd,
representedby the pixel valuesp?, to theinter
val [0,1). In the following we will only ad-
dressthe low-passfiltering sequencepecause
the high-passdfiltering sequencas handledex-
actly thesameway.

In particularwe definethe scaleddecomposi-
tion equation

G =5 hy_on & + by (18)
k

and initialize the decompositionwith ¢/ =
¢, We can see that for positve ¢ the

n

sumy’}. hy_on & getsminimal for

6]’ _ { 0 hk—2n >0

k 1 Ag_9, <0
The maximum of the sum can be determined
equialently By imposingtheseextremato the
restrictioné, € [0, 1), we getthe scalingfactor
andtheoffsetbiasas

hneg =

Z min(0, A) ,
k

pos = »_max(0,h) ,
%

1
Sp = h h ) bh = _hneg Sh -
pos ~ /‘neg

>



n 0 1 2 3
1 1
Haar hy, v v
i P S
; 1+v/3 3+v3 3—v3 1—v3
Daubechie¢4) h, Ve Ve s ™l
g 1-v/3  —=3+v3 3+v3 —1-v3
n 42 42 4v2 42

Tablel: Filter coeficientsfor differentwavelettypes.

Duringreconstructionthescalingandbiashas
to be compensatedin orderto accomplishthis,
we firstinsert(3) into (4):

5‘17; = zhk—Qn : th‘—m 5}7 +
Z Gk—2n - Z Gi—2n sz .

(19)

Now we insert Equation(18) into the equia-

lently scaledreconstructiorequationandyield
g =

Sh Y hk—on - (sn- Zhi—Qn &+ by)

+ by +

§g ) ng—2n ' (Sg : Zgi—Qn dg + bg)
n i

+ b, (20)

The reconstructiorprocesss performedin two
steps,of which both areclampedto [0,1). The
conditioné’, € [0, 1) andthelosslessvaveletre-
constructiorensureghatthefinal valueé’, does
not exceedthe clampinginterval.

Now we decomposé=quation(20) and com-
pare the coeficients with (19). That way we
yield:

L1 1
P Sg

5o_ 5 | Tihu  keven
h = nee Zz h2i+1 k odd

b = ] 2 92 k even
9 = Yneg E,L 92i+1 k odd

Note that the bias parametersare different for
odd andeveninput pixels. Therefore only vari-
anttwo of the reconstructioralgorithmscanbe

successfullyimplementedusing graphicshard-
ware.

7 Results

As hardware basedwavelet filtering usesthe
framebuffer for its computationsywhichhasonly
alimited depth theaccurag of thecomputations
cannotbe asgoodaswith software basedech-
niques.Thereforewetakeacloserook atdiffer-
encesf softwareandhardvarefilteredimages.

First,Figures9 and12shaow theoriginalhead
and| ena datasets,which were usedfor this
analysis. The (enhanced)}igures10, 11, 13,
and 14 shav the completelydecomposediata
setsfor Haar and Daubechiesvavelets of or-
der4. Tablel lists the filter kernelcoeficients
for thesetwo wavelettypes.

The next imagesreveal the differencesbe-
tween software and hardware based Haar
waveletfiltering in form of differenceimagesof
completelydecomposea@swell asdecomposed
and afterwardsreconstructediata. The images
hadto be equalizedin orderto reveal any dif-
ferencesat all, asthe hardwarefiltered variants
differ only in theleastsignificantbit. Figurel15
reveals all 1-bit differencesbetweenhardware
andsoftwaredecomposedatasetsin the caseof
Haarwaveletsfor thehead dataset,a’512?% sized
slice of a computertomography Figures16
and17 show the differencesn completelyHaar
waveletdecomposedndreconstructedatasets
to their originals. Note that software decom-
positionusingfloatsis accuratelyenoughto re-
storeimage dataduring reconstructiorwithout
ary noticeablelifferences.



As alreadymentionedn theprevioussections,
specialcarehasto betakenattheborders.With-
outhandlingthesespeciakasesartifactswill oc-
cur, asit canbeseenn Figuresl8and2l. In or-
derto verify, thatonly borderdataare affected,
differenceimageshave beencalculated,which
can be investigatedin Figures19 and 22. As
apparentlyno differencesexceptfor the borders
canbedetectedequalizedrersionsarepresented
in the Figures20 and23.

Wavelet decompositionand reconstruction
have in principle the sameorder of comple-
ity. However, hardware basedreconstructioris
abouttwo to threetimesslower thandecompo-
sition dueto thelimitationsof thegraphicspipe.
In generathisis nomajordravback,aswavelets
are mostoften usedfor decompositiorin order
to acceleratevolume renderingand featurede-
tection. Currently the expansionof compressed
data, which would be a major applicationfor
wavelet reconstructiondoesnot map onto our
algorithmsvery well, becauseall waveletcoefi-
cientshave to be storedin theimagesregardless
of theirvalues.Thoughhardwarebasedvavelets
arecurrentlynotmuchfasterthansoftwarebased
filtering, alot of time canbe savedduringatyp-
ical visualizationcycle, asthe datado not have
to crossthegraphiced hostmemorybarrier Still,
thereareseveralconceptgo increasaherender
ing speedduringwaveletfiltering evenmore.

8 Conclusion

We have introduceda wavelet decomposition
andreconstructiomlgorithm,thatdirectlyworks
on the graphicshardware of modernOpenGL
capableworkstations. By using the convolu-
tion andsomeblendingextensiongogethemith
OpenGlLs facilitiesto scaleimagesduring copy
instructions,we are able to performall neces-
sary stepsof one-dimensionalavelet filtering
without copying datafrom or to the machines
main memory thusavoiding typical bottlenecks
in thevisualizationcycle. By usingtensorprod-
uctwaveletsthealgorithmcaneasilybeextended
to the two- and three-dimensionatase,again

without touchingmain memory Still, thereare
severalapproacheto speedup thefiltering steps
evenmore. Differentstratgiesfor reducingthe
graphicacompleity aswell asseveralpossibili-
tiesto usehardwarebasedvaveletsfor enhanced
featuredetectionare currentlysubjectof further
investigations.

Using the frame buffer for mathematicabp-
erationss usuallyproblematidn termsof accu-
ragy [12] dueto the limited depthof the frame
buffer. However, wavelet decompositionand
reconstructiorhave proven to be relatvely ro-
bust,asonly single-bitdifferencedetweenrsoft-
ware and hardware decomposediata could be
detected.
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Figure9: Thehead dataset Figure 10: Haar wavelet de- Figure 11: Daubechies
composition waveletdecomposition

Figurel2: Thel ena dataset Figure 13: Haar wavelet de- Figure 14: Daubechies
composition waveletdecomposition

Figure 15: 1-bit differences Figure 16: 1-bit differences Figurel?: 1-bitdifference®n
between software and hard-  after full Haardecomposition thel ena dataset
wareHaardecomposition andreconstruction
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Figure18: Thehead dataset
decomposedvith Daubechies
waveletsto a level depthof 4
andreconstructeafterwards

Figure21: Thel ena dataset
decomposedvith Daubechies
waveletsto a level depthof 4
andreconstructeafterwards

Figure 19: Differencesbe-
tweensoftware and hardware
Daubechiesiltereddata
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Figure 22: Differencesbe-
tweensoftware and hardware
Daubechiesiltereddata
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Figure20: Enhancedrersion,
making 1-bit differencesvisi-
ble

Figure23: Enhancedrersion,
making 1-bit differencesvisi-
ble



