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Abstract

A numberof techniqueshavebeenproposedor renderingvolumetricscalardatasets.Techniqueshavealsobeen
proposedfor analyzingthe three dimensionainformation contentsof the underlyingdomain,but traditionally
thedataanalysispart is left asa post-pocessingstepwhich only involvesthe rendeed two dimensionaimages.
In this paper we describea visualizationmethodfor scalar volumedatawhich integratesexplicit knowledg of
the underlyingdomaininto the renderingprocessThekey of this appoad lies in a hierarchical descriptionof
the discretesignal, which is decomposethto a sequencef multiscalerepresentations\\e describea technique
for the analysisof structueswithin the data. This allows for the segmentatiorand classificationof the relevant
featuesand canbeusedto improve their visual sensation\\e also addressthe problemof acceleating the final
renderingpassby integrating the extractedobjectspaceinformationinto theray traversal process.

1. Introduction

During the lastdecadeseveral approacheo directvolume
renderinghave beendeveloped and explored extensvely.
Traditionally thesemethodsdo not take into accountthe
structureof the underlyingdata.Explicit knowledgeof the
objectscharacteristicss not integrated,and consequently
thedataanalysispartis left asa post-processingtepwhich
is mainly performedn imagespace.

Olwviously, theresultswill be moremeaningfulif additional
work is spenton thedirectanalysisof thethreedimensional
structures.This also helpsto optimize the completeanal-
ysis/synthesigycle. The key lies in the integration of the
extractedinformationinto thefinal renderingpass.Thereby
the gap betweendataanalysisand image synthesiscan be
closed.Differentstagesof the whole visualizationprocess
(seeFigure 1) may be consideredsimultaneouslyto gener
atethedesiredeffects.

In this paper we proposea new techniquethat performsa
structuralanalysisof the dataandincorporateshe outgoing
informationinto theimagingprocessBasically therearethe
following advantageso this stratgy.

e Feature Extraction: The dominantfeatureswithin the
volumedataare extractedand canbe perfectly discrimi-
natedfrom white noisedistributions.
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Figure 1: Volumevisualizationpipeline

e Data Enhancement: Sincetherelevantstructuresirede-
termined,their visual appearanceanbe enhancedThis
improvestheinformationcontentf therenderedmages
andoptimizesthe dataanalysiscycle.

e Performance Tuning: Therenderingimescanbeaccel-
eratedo someextentby integratingthe obtainednforma-
tion into thevisualizationprocess.

The forerunnergo our techniquecanbe classifiedin terms
of the useddatastructuresandtheway in which they try to
analyzethecharacteristicsef theobject.Asin traditionalim-
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ageprocessinghe dataanalysisis commonlyperformedin
a preprocessingtep.lt is usedto generatea modified ver
sion of the original signalin which the desiredeffectsare
renderecgprominent.

While a numberof 2D techniqueanbe straightforwardly
extendedto 3D, specificapproachefor analyzingvolumet-
ric datasetshave beenproposed.

In 6 it was claimedto estimatethe consisteng of volume
cells from material dependenprobability distributions. A

very popularandefficient shadingechniquevasintroduced
in 17. This methodcombinesthe local grey-scalegradient
and a materialthresholdto determinesharpboundaryre-

gionsof interest.Then,thematerialopacitywithin thesere-

gionsis scaledup accordinglyin orderto enhancehe ex-

tractedstructures.

Ontheotherhand severalacceleratiotechniquefiave been
explored16 31 4,78 23 which try to integratethe composition
of thevolumedatainto therenderingorocessFrequentlyuti-
lized datastructuresireoctreeswhich storemultiple copies
of thesignalwith decreasingesolution(seeFigure?2).

Figure 2: Octreereconstructioriromdifferentresolutionlevels.

Recently waveletbasedmultiresolutiontechniquegor vol-
ume visualization have been examined in more detail
25262910, \Wavelet transformsdescribean effective tool to
compressnulti-dimensionadiscretesignals,andalsoto an-
alyze their local characteristicsFurthermore the original
domaincanbelocally reconstructeérom its multiresolution
decompositionBy takingadwantageof thesparsenessf the
representatiotherenderingporocessanbeacceleratedlThe
majorlimitation of waveletbasedenderingechniquess the
additionaltime they spenton reconstructinghe dataduring
therenderingpass.Only for very sparsaepresentationthe

resultantimescomecloseto thosethatcanbe achiered by
traditionalacceleratioriechniques.

On the other hand,wavelet basedtechniquesllow oneto
preciselyanalyzethe dataat differentscales.Thus, we re-
commendo take advantageof the representatioby trying
to extracttherelevantstructures.

As wavelettransformsresere local differencenformation
betweensuccessie averaginglevels (seeFigure 3), sharp
variation points are still retainedat distinct scales.Addi-
tionally, theevolution of thedetailinformationacrossscales
characterizethe original signalt%12223_|n particular it is
possibleto estimatethelocal smoothnesfrom the decayof
thewaveletcoeficientsmaximaalongdifferentscales.

This multiscalebehaior was exploited for the processing
andvisualizationof time-resoled volume data3°, andalso
for the determinationof critical regions within volumetric
datasets®. A similar approachwas presentedy Sakas?8.
He arguedintuitively that featureswithin the volume must
beretainedonthecoarseapproximationsConsequentfythe
extractionof structureswvhich remaindominantacrossdif-
ferentscaleshouldbethemainconcern.

Difference

Figure 3: Sthematicrepresentatiorof the multiresolutionhierar-
chyin twodimensions.

In the remaining sectionswe discussthe application of

wavelet basedmultiscaletechniquedor the extractionand
analysisof the dominantfeaturesfrom 3D scalardatasets.
Oncewe have exemplified the extraction processwe de-
scribehow to efficiently integratethe foundstructuresn or-

derto accelerat¢herenderingprocessBeforewe startwith

adetailedexplanationof the proposednethod we first give
anexamplewhich describeshekey ideas.

2. The Experiment

A very popularmethodfor visualizing3D datasetsin scien-
tific applicationss to determinematerialboundaryregions
andto renderthemin a prominentmanner This procedure
is quite similar to the traditionaledgedetectiontechniques
in imageprocessingSinceedgescarry the mostimportant
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information,it oftensufiicesto visualizethesestructuresn
orderto completelyextracttheinformationcontent.

In contrastto 2D techniquesvherethe edgefinding process
only relieson the local gradientof the signal,the common
approachin volume visualizationis to determinesurfaces
of equalmaterial properties so called iso-surbices.Either

thisis performedin objectspaceby constructinggeometric
modelswhich approximatethe surface?8, or the extraction

procesdakesplaceduringtheray traversalin standarday-

castingtechniques’. Theleft imagein Figure4 shavs the

visualizationof aniso-surbceaccordingto a given thresh-
old. The extractedsuriace belongsto the boundaryregion

betweertheheadandtheouterair in aMRI-Scan.

Figure 4. Iso-surfaceextractionfroma humanheadMRI-Scan.

Now let usassumehatwe areonly interestedn extracting
andvisualizingthis specificiso-surfice.ln orderto demon-
strateour methodwe decomposéhe original datasetinto a

multiscalehierarchy that s, startingwith the original data
setanaveragingandadifferencingstepis performecdateach
level of the hierarchy This procesgieldsa pair of low-pass
andhigh-pasdilteredversionsof the original signalat each
stage.The sameprocedurds repeatedlyappliedto the low

frequeny partateachlevel.

Let us have a closerlook on the hierarchicalrepresentation
thatis constructedThe differenceinformationat eachlevel
describeghe informationthat is lost dueto the averaging
step.Sincethe differenceinformation carriesthe high fre-
queng parts,high magnitudevaluesare concentratedhear
sharpboundaryregions.In empty or homogeneousegions
thevaluesareratherlow.

But how much of the differenceinformation do we really
needto reconstructheiso-suriicehviously, largeregions
within the datacanberemovedsincethey do not contritute
to the relevant featuresThis is outlinedin the right image
of Figure4. Theiso-surhcewasreconstructedrom a mul-
tiscalehierarchythatwasreducedabout95% of the original
data.

Note thatonly a very small fraction of the original amount
of memoryis used,but we are still ableto determinethe
principlelocationof theiso-surfice.Of coursewe loosein-

formation due to the reductionprocessput even from the

(© TheEurographicsssociationrandBlackwell Publishers1998.

sparserepresentatiothoseregions can be extractedwhich
encloseherelevantfeatures.

The major challengeto our approachis the development
of a unified framework for finding the boundaryregionsin
volume data setsand for integrating thesestructureseffi-
ciently into the renderingpass.Assumingthat we have al-
readyfoundtheseregionsandthatwe have markedthemfor
furtheruse thentheaccuray of thefinal renderingpasscan
beadjustedaccordingto the structuresve areseekingfor.

Figure 5 demonstrateshe key idea. From the structural
analysisof the datawe obtainskeletonswhich indicatethe
boundaryregions. They are shavn on a 2D slice from the
MRI-scan.In orderto visualizea certainboundarysurface
we just have to determinethe intersectionpoints with the
correspondingtructuresA nicefeaturethenis thattheren-
dering processcan be acceleratedsignificantly if the ex-
tractedinformationis integratedinto therenderingpass.

Above all, note that this methoddoesnot rely on a spe-
cific materialthresholdOnly realboundarysurfacesareren-
dered.

Figure5: Octreebasedadaptiverefinement.

In thefollowing sectionave discussn moredetailthemath-
ematicaltheoryandthe majorissuesof our approach.

3. Multiscale Feature Extraction

A populartechniquen signalprocessin@ndimageanalysis
is the detectionof irregular structuresor edgeswhich often
carry mostof the relevant information. Typical multiscale
techniquedry to decomposehe original signalinto a hier

archywhich includescopiesof the dataat increasingscale.
The size of detailsthat canbe detectedwithin thesecopies
scaleaup accordingly

The major advantageof multiscaletechniquess the ability
to investigateand visualize the original signal at different
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levels of detail. Moreover, from the evolution of the signal
acrossscalests local characteristiceanbedetermined.

Onekey ideais thatif the original signal f (x) is corvolved

with a smoothingfunction 8(x), thenthe zero crossingsof

f x8”(x) canbe usedto detectthe local sharpvariation
points of the blurredversionof f 19. Small fluctuationsin

the original signal are removed in the blurred one, while

thedominantedgesareretainedduringthe corvolution. Per

forming different passeswith scaledversionsof the same
smoothingunctionyieldstheedgeinformationatincreasing
scale2. The multiscaleinformationcanbe gatheredacross
differentlevelsto determingherelevantfeaturesat theorig-

inal scale.

In generaljt is not necessaryhatthe smoothingkernelis a
GaussianTheedgedetectiomprocessanbeimprovedif the
kernelfunction hascertainotherproperties? 22, Assuming
8 to betheintegral over awavelet W'

009 = [ wio, )

and setting 6J (x) = 2//29(2ix) and Wi(x) = 21/2W(2ix),
thenthewavelettransformat scale2! canbewrittenas
. . .del - d .
WIH (x) = fxWI(x) = f*(zla) = 21&(f *0)(x).
The wavelet transformat scales, which is restrictedto the
dyadicscale?!, j € Z, in the actualimplementationis thus
proportionato thederwative of theoriginal signalsmoothed

by 6} (x).

Sincethe type of inflection point canbe distinguishedrom
the absolutevalue of Wi f(x), the secondderivative does
not accountfor the determinatiorof the signalsedges As
amatterof fact,themultiscaleedgesf f canbefully speci-
fied by repeatedlyonvolving W with thesmoothedrersion
f %6 (x) anddetermininghelocal maximaof Wi f (x).

In orderto extendthe approactto threedimensionsleriva-

tive wavelets W(X),W2(X) and W3(X) have to be con-

structed which themselesarethe partial derivatives along
X, y andz of a threedimensionaksmoothingfunction 8(X).

Thisprocesss definedwith respectoimagesn 2122, Appar

entlywe followedthesamedeasfor volumetricapplications
in this work. As in the one dimensionalcasethe gradient
vectoratscale2! canthenbewrittenas

' W £ (%) [ &(fx8h)(®)
O(f+e®) =| W) [=2| &(f+6)®
W f (%) Z(fx0)(x)

Finally, atevery positionit is checled whetherthe gradient
magnitudeis a local maximumor not. This is doneby de-
terminingthelargestgradientmagnitudealongthedirection

T wis saidto beawaveletif JT2W(x)dx = 0, andW hasexponen-
tial fastdecayatinfinity.

thegradientis pointingto. The magnitudecanbe computed
from thesquare®f thegradientcomponentas

1] = /(£ % Wa(0)2+ ( x Wa(R)2 + (F  Wa(X))2.

A local maximumis foundif themagnitudes strictly larger
thanits neighboralongthe gradientdirectionandlarger or
equalthanthe neighborin the oppositedirection,andvice
versa.

In practicethe direction vector [f x W1(X), f x Wa(X), f *
W3(X)] mustbediscretizednto afinite numberof directions.
Otherwiseavery grid pointis classifiedasa maximumsince
no gradientvectorpointsexactly to anothergrid point. The
numberof directionsinto whichthegradientsarediscretized
influencegheconnectyity of thestructureghatarefoundto
someextent. The more directionsare used,the morelocal
maximawill befound.A discretizatiorinto the26 directions
to the nearesheighborswithin thethreedimensionaheigh-
borhoodhasbeenchoserin theactualimplementation.

Figure 13 shavs the extractedgradientmaximaat different
scaledrom a 3D chromosomelataset. The voxel intensity
scalesup accordingto the magnitudeof the gradientmax-
ima.Redspotsemphasizemallmagnitudenhile largeones
shiftto green Notethatthemagnitudesncreasecloseto the
dominantfeaturesat the coarseiscaleswhile they fall off in
noisyregions.Particularly thenumberof maximadecreases
drasticallyfrom fine to coarsescale.

3.1. Derivative Wavelets

Sofar, nothinghasbeensaidaboutthe waveletswhich are
involvedin theedgedetectiorprocessTheonly conditionis
thatthey have to be the derivatives of a smoothingfunction
6(x). In general.equation(1) doesnot hold for the scaling
function® andthewavelet¥ whichdefineamultiresolution
analysis0 3,13,

Mallat et al. 2t developedpairs of waveletsand smoothing
functionsin Fourier spacefrom which deriative wavelets
with arbitraryapproximatiorpropertiesanbeobtainedThe
scalingfunction ® andthe wavelet W with n vanishingmo-
mentsaredefinedin thefrequeng domainby

. 2n+1 . 2n+-2
&D(m):<73”1§;7£2)> , @(m):iw(is”:f;%‘l)) .

Thecorrespondingmoothingfunctionis definedby

. ; 2n+2

It satisfiescondition1. Throughoutthe implementationve
chosen equalto 1. This yieldsthe quadraticsplinewavelet
andthe cubic splineasthe smoothingfunctionasshavn in
Figure 6. The finite impulseresponsdilters that are nec-
essaryto performthe discretewavelet transformare com-
pletelyspecifiedn 21,

(© TheEurographicsssociationrandBlackwell Publishers1998.
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Figure 6: Quadntic splinewavelet¥ with onevanishingmoment,
scalingfunction®, and cubicsplinesmoothingunction®.

3.2. Structural Analysis

Summarizingthe resultswe concludethat the dominant
structuregemainpresengll over the multiscaleversionsof

the3D dataset.Ontheonehand,sincethe gradientmaxima
arecomputedrom thelow frequeny partsateverylevel the

entrogy of theextractedinformationslightly decreased.ess
dominantstructuresdisappeasat one of the coarserscales.
Ontheotherhand,t isjusttheevolutionof thegradientmax-
ima acrossscaleswhich allows for the characterizatiorof

the original signal. Thereforethe maximainformationfrom

differentscaleshasto be combinedThis is describedn the

next paragraph.

Fromthe asymptotiddecayof thewaveletcoeficientsto the
finestscalethe smoothnessf the signalcanbe estimatedA
commonmeasurdor thesmoothnesis theHdlderLipschitz
regularity¥ 12 22,

If the signal has an isolatedsingularity at xg, then there
is a path, or a chain, from the coarsestscaleto the point
Xo at the finest scalealong which only local maxima ex-
ist. Two locationsx) andx;t! at differentscalesalongthe
path are restrictedto differ only slightly in spacethatis,
x| —x5t| < A, whereA depend®n theusedwavelet. From
the decayalongthesemaximachainsthe Hélder exponent
canbe estimatedThe signalis uniformly Lipschitz regular
with Holder exponenta over anintenval Q if thereexistsa
constanK suchthatfor all x € Q thedecayalongthechains
behaesas

W (R)| < K- 209 )

Thus,all singularitiesof the signalcanbe detectedby con-
nectingthosemaximawhich proceedrom a certainscaleto
the next coarserone.Recallfrom (2) thatin caseof sharp
variationpointsthe maximaat all scaleshave to exist. Con-
sequentlyinsteadof estimatingheHélderexponentnumer
ically it suficesto classify pointsin termsof the number
of maximathatarepointingto them.Notethatall gradients
alongachainmusthave the samedirectionwithin sometol-

* A function e L?(R®) is saidto be uniformly Lipschitz on a set
Q c R with Hélder exponenta and0 < a < 1, if thereexists a
constanK sothatV,%; € Q : |f(%0) — f(R)| < K|%o —%¢/°.
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eranceAs will bedescribedaterit canbe usedto enhance
theconnectiity betweermaximafrom differentscales.

Figure7 shavs a 2D example.The pixel brightnesglirectly
correspondso the gradientmagnitudeNotethatthe bright-
nessalongthe edgesncrease$rom scaleto scalewhile be-
tweenthemit is reducedr extinguished.

Figure 7: Gradientmagnitudeat differentscales.

Figure 14 outlinesthe principal behaior in moredetail. In

both exampleswe shaw the original data set and the lo-

cationsat the finestscalewherea closedmaximachainis

pointing to. In the left imagesof the vesselstructuresand
thechromosomerespectiely, thevoxel opacitywaslinearly

adjustedo thegradientmagnitudewhile in therightimages
aconstanvaluewasusedfor all voxels.Thisis quitesimilar

to thevolumegradientshadingmethodproposedn 17.

Therenderingnethodsve useddiffer substantiallyffrom the
first to the secondexample.3D texture basedslice projec-
tion was chosenfor the chromosomewhile for the vessel
structures standarday-castingalgorithmwasapplied.The
reademight have noticedthaton theright only the bound-
aryregionsarepresenthile ontheleft alsostructuresn be-
tweentheboundarieganbeseenThisis explainedin more
detailin thenext chapter

It canbe clearly realizedthatthe dominantfeaturesremain
visible acrossscalesFuzzyor noisy structuresareremoved
sincethey do not contribute to closedchains,i.e., they dis-
appeatoneof thecoarseiscales.

In the presencef stationarywhite noisethis phenomenon
can be formally explained. The expectationvalue of the
squaredwavelet transformof white noisewith varianceg,
E(]Wn(s,x)[?), equals| W ||2 6%/s. It is thusinverselypro-
portionalto thescales. Thedecayof thewaveletcoeficients
behaescontrarilyto that,whichcanbeobserednearedges.
Specifically all scale-spacmaximacurveswhich disappear
at one of the coarserscalesdo not belongto the dominant
features.
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We shouldmentionherethatwe only usethe maximainfor-
mationto detectandindicatetherelevant structuresWe do
nottry to reconstructhe original datasetfrom its maxima,
asproposedn 2%.8,

3.3. Optimization

In this sectiontwo major problemsof the outlinedapproach
shouldbe furtherdiscussedFirst, how canwe computethe
multiscaleinformation without increasingthe memoryre-
quirementtoo much?Unfortunately computingthe infor-
mationat all scalesn adwanceis not possible Secondhow
canwe avoid undesirablgapsor holeswhich basicallyarise
from the discretizationof the wavelet transformandgradi-
ents?

Thefirst problemcanbe solved quite easily This is dueto
the compactupportof theinvolvedfinite impulseresponse
filter kernels:the wavelet transformandthe gradientmax-
ima at a certainlevel andat a certainpositioncanbe com-
putedlocally. All thathasto bestoredis oneadditionalcopy
of the data.Eachentry holds an unsignedinteger valuein
which the gradientdirection and its magnitudeare saved.
The quantizeddirectionis codedin the 16 leastsignificant
bits whereaghe otherbits areusedto codethe magnitude.
After processing certainscalethe maximalgradientmag-
nitudewhich appearedn that positiontogethemwith its di-
rectionremain.

Thesecondoroblemoriginatesfrom thediscretizatiorof the
continuousvavelettransform Sincewe proceednadyadic
scaleandalsodiscretizethe gradientsinto a small number
of directions,it it almostimpossibleto obtainclosedmax-
ima chainsacrossdifferent levels. From one level to an-
otherlocal maximaslightly changetheir position and shift

in space Dependingon the supportof the usedbasisfunc-

tionsall maximachainswhich pointto a certainlocationXy

at the finestscalelie within a coneof influencedefinedby

|X—%o| < A-s. Therefore,a maximumat scale2! andpo-

sition %y possiblyinfluencespoints at scale2i~1 within a
neighborhoodX — %p| < A'. Theconstan®’ depend®nthe
supportof the involved basisfunctionsand determineghe
rangewithin which we seekfor maximaat the next coarser
scale.

Additionally, standardmage processingechniqueswvhich

help to close small gapswithin a level and try to extend
chainsaslong as possiblecan be applied.Figure 8 shavs

partsof a datasetbeforeandafterthesecorrectionsin the
rightimagesmallgapsareremovedby trying to enlageseg-

mentswhich arebrokeninto disconnectegieces.The way
we proceeds to look for structuresvhich do nothave direct
neighborghatbelongto the samesegment,but which have

neighborgwo stepsaway thatdo. Oncewe have foundthese
structureswe putadditionalmaximawith thesamedirection
into thedataatthislevel.

Olwviously, the gradientsat thesenext neighboramustpoint

Figure8: Structual enhancemery closingsmallgapsandholes.

into the samedirection. Notice that the tolerancewithin
which two gradientsaresaidto have the samedirectionin-
fluencegheconnectiity of thefoundstructureto someex-
tent.

3.4. Edge Representation

Finally, we muststorethe extractedmultiscaleedgerepre-
sentatiorin suchaway thatallowsiits directintegrationinto
therenderingprocessDuring thestructuralanalysisan8 bit
fieldis generatedor eachvoxel. It indexesthescaleatwhich
amultiscaleedgepasseshroughthatvoxel. The numberof
bits usedequalsghe numberof scaleghatareprocessed.

If bit j is setat positionX, thenamaximumis locatedatthat
positionatlevel 2/. Eachtime amaximumatlocationg; and
scale2! is pushedlown to thenext coarsescale 211, to po-
sitionXj 1, thenbit j + 1is setin thebit maskatXj 1. From
eachbit patternor tagit is nov easyto determinethe mul-
tiscaleedgeswhich passthroughthe correspondingroxel.
Basically 4 differentpatternscanbedistinguishedseeFig-
ure9).

scale n

scale 1

Figure9: Categoriesof bit patternwithin ead tag.

In particular we seelfor thosestructuresvhicharecodedoy
thefirsttagin Figure9: amaximachainpointsexactly to the
correspondindocation. Sinceit proceedsacrossall levels
we will call it a closedmaximachainhereafter Theseare
the sharpvariationpointsthat are presered at every scale.
The secondandthird patterncorrespondo small fuzzy or
noisy fluctuationswhich areremoved at one of the coarser
scales.The last onelocalizesmaximaat the coarserscales

(© TheEurographicsssociationrandBlackwell Publishers1998.
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which areshiftedinto othervoxels but do not defineclosed
maximachains.

Sincein practicewe only computethe first n levels, where
n is small (3-4), we also storethat level in the bit field at
which a maximumat a certainposition was originally de-
tected Now we have the completeedgeinformationat mul-
tiple scalesavailable.

4. TheRendering Pass...

Fromthe structuralanalysisof the discretevolumedatawe

obtainanadditionaldatasetof equalresolutionin whichthe
multiscaleedgeinformationis coded.Eachbit patternindi-

cateswhethera closedmaximachainis pointingto the cor-

respondindocationin the original signal,andalsowhether
a maximumwas found at this location originally. Now, we

seeka methodthatallows usto integratethe edgeinforma-
tion into the renderingprocessRecallthat the bit field de-
fines somekind of skeletonwhich separateslifferentma-
terialsfrom eachother:it builds sggmentswhich spanthe
materialboundaryregions.

In directvolumevisualizatioralgorithmstheamountof light
impinging on the view planeat a certainpositionis simu-
lated by evaluatingthe well knovn volumerenderinginte-
gra| 27,16, 14

t
o) = | a(e e " at
0

alongeachray of sight(seeFigure10).It sumsupthecontri-

butionsof the volumeemissionq(t) alongtheray, whichis

scaledby the opticaldepthaccordingto the volumeabsorp-
tion o(s).

4“@

eye point
view plane

object representation

Figure 10: Volumeray-casting

Traditionally the evaluationof theintegral is performedus-
ing an Euleriansum:theray is split into segmentsof equal
length over which the sourceterm and the opacity are as-
sumedo beconstantThecontinuousntegral evaluatesnto
adiscretesumoverthe sgmentsalongeachray:

(to,t1) ~ zochk r!) (1-0ai). 3)

The compleity of the renderingprocesss proportionalto

(© TheEurographicsssociationrandBlackwell Publishers1998.

the numberof sampleghathave to be reconstructedCom-
monly, O(n®) samplesare evaluatedby tri-linear or higher
order interpolationof the original voxel values.At every
imagingstepthewholevolumeis re-sampledThecomple-
ity can be improved by adaptiely choosingthe sampling
frequeny accordingto theimportanceandthe rangeof the
underlyingdatalé 4.

Thefirst approacho dealwith themultiscaleedgerepresen-
tationis to useit asa binary classifierwhich determineshe
visible structuresEquation(3) is evaluatedonly if the ray
hits a voxel that belongsto a bit patternof interest.Other
wisethe segmentsopacityis setto zero.

The major limitation of this approachis that the rendered
imagesonly shav the boundaryregions, but on the other
handit hastwo major advantagesFirst, non boundaryre-
gions can be traversedvery quickly. This is accomplished
by usingray-generators 24 (seeFigure1l) whichrely ona
uniform subdvision of the underlyingdomain.All hits be-
tweenaray andthevolumecellscanbefoundincrementally
If anintersectionwith oneof the edgess determinedthen
equation(3) is evaluatedon the original dataset.

o
o
AY |
LY
DY
DX AX X

Figure 11: Uniform subdivisionand cell traveisal processin two
dimensionsLX andLY are the distancesrom planeto plane DX
and DY specifythe normalizedray direction. AX and AY are the
distancesrom the entrancepoint of the ray to the planesparallel
to the axes.Thedistancesalongtheray fromthe entrancepoint to
the pIanesare PX andPY. GivenTX = 5%, TY = LV, andPX =
£%,PY = &%, thenthe minimumof the distancesPX andPY is the
actualdistanceto the exit point. Thenew valuesof PX andPY can
becomputedromtheir old valuesandthevaluesof TX andTY.

The secondeatureis the possibilityto renderthe 3D edges
atarbitraryscalesSincethe numberof gradientmaximade-

creaseslrasticallyatthecoarsescalegherenderingpasscan

beacceleratedObviously, we only obtaintheinformationat

low resolution put oftenit sufiicesfor fastpreview purposes.
Thefirst threeimagesin Figure 15 demonstratdothaccel-

erationtechniquesFor eachof the proposedmethodsthe

percentagef sampleswhich were reconstructedrom the

original domainis given.
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The first imageshaws the original datasetwhich wasren-
deredin full resolutionThresholdingvasappliedduringre-

samplingto highlight the principal structure Images2 and
3 shaw the 3D edgesat the finestscaleand at one of the
coarseiscalesenderedvith the describeday-castingech-
nique.Thresholdingvasappliedonly if ahit with astructure
wasdeterminedNotethata verylargenumberof sampless

savedwhile we alreadyobtainthe dominantstructures.

The describedrenderingtechniquesare particularly useful
to visualizetheboundaryregionsof thevolumedataset.On
theotherhand,sincewe alreadystoretheoriginal datain full

resolutionit is alsopossibleto visualizematerialsofttissue.
Therefore the reconstructiorprocesss performednot just
aroundthe edgeshut alsoin betweerthem.In generalyvol-

umerenderingaccelerationechniquesvhichtry to adapthe
integrationstepsizeaccordingo thematerialpropertiesan
beapplied.In orderto ensurehatall edgesarehit themodi-
fied stepsizesareonly usedbetweertheintersectiorpoints.

5. ... on Sparse Representations

A majorlimitation of the proposedenderingapproaches

theamountof memorythatis used.In additionto the origi-

nal datathemultiscaleedgerepresentatiomustbestored.It

takesatleastan8 bit field of equalresolutionasthe original
one.Thenecessityo storetheinformationin alessmemory
intensve representatiobecomes dominantgoal.

In orderto accommodatehis requirementwe proposeto
generatean octreedatastructurein which the materialis
coded.Therefore,a criterion mustbe chosenwhereto re-
finetheoctree Theconditionundemwhicharefinementakes
placeis preciselydescribeddy the edgeskeleton,but addi-
tionally, the local variancewithin certainregions mustbe
considered.

New nodesare always constructedf the parentnodein-
cludesat leastone edge.If the parentnode doesnot in-
clude an edge,then the local variancewithin this nodeis
usedto decidewhetherit hasto be split or not. Figure 12
demonstratethe basicideain flatland. The subdvision is
performedust aroundthe edgesof a 2D slice out of the 3D
chromosomelataset.Note thatthe quadtreeallows the ac-
curatedecodingpf regionscloseto theedgeswhile in homo-
geneousegionsalessaccurateapproximatioris obtained.

Of coursethetraversalprocesgainscompleity sinceeach
ray must be passedthroughthe octreerepresentationbut
on the otherhand,a hugeamountof memoryis saved. The
rightmostimagein Figure 15 shavs an examplewherethe
chromosomelatasetwasrenderednthereducedointered
octreedatastructurewith about30% of the original mem-
ory. It is obvious that the basicfeaturesremainunchanged
while only betweenrthe boundarieshe reconstructiorerror
is increased.

Figure 12: Quadteebasedray traversal.

6. Results

We have implementedhe completesystemdescribedn this
paperon amodernsingleprocessosystemAll resultswere
computednaR4400processorunningwith 75Mhz. Both
testdatasetshave a resolutionof 256°. The first example
shavs achromosomelatasetscannedy a confocalmicro-
scopethe secondexampleshavs amr-angiographiscanof
humanvesselstructuresOneintermediatainsignednteger
field hasto be allocatedduring processingand one addi-
tional bytefield is neededor thefinal renderingpass.

The most expensve taskis the computationof the gradi-
entmaximaat eachlevel. In practicewe experiencedhatit
suficesto incorporatethe first threelevels sincestructures
becometoo fragmentedon the next coarserones.lIt took
roughly 14 minutesto processeachlevel separatelyandad-
ditional 9 minutesto detectthe closedmaximachains.

Figurel3 clearlydemonstratethedecreasingiumberof lo-
cal gradientmaximafrom fine to coarsescale.Eachmax-
imais highlightedby increaseapacityof thecorresponding
voxel. Notethatmaximawhich resultfrom noisearealmost
completelyremoved at oneof the coarserscales.

Theextractionof relevantstructuress outlinedin Figurel4.
It would bequitedifficult to achieve the sameresultswithout
thresholdingthe original dataset. The distinction between
differentkinds of featuresby only consideringthe original
dataseemsgo beratherimpossible The multiscaleanalysis
enables precisecharacterizatioof thevisible structures.

An importantissueis thatour approactdoesno longerde-
pendonauserdefinedthresholdo reconstructheboundary
regions.Only thoseregionswhich really correspondo the
boundariebetweerdifferentmaterialsareconsidered.

(© TheEurographicdssociationrandBlackwell Publishers1998.
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Figure 15 clearly demonstrateshe performanceuning of
our method.The complity of the renderingprocesss re-
ducedto considerablextent: the numberof samplesthat
have to be reconstructeds proportionally relatedto the
numberof closedmaximachainsthat have beenfound. Of
course thereis a slight overheadbecauseve also have to
samplethe edgefield, but on the other hand,this only in-
volvesa testwith the cell neighborsRay-castinghe finest
scaleedgegook 32 % of thetime neededo rendetrthe orig-
inal data,for the coarsescaleedgest took 11 %.

A speedup of somefactorstherebyachieving similar visual
qualityis whatwe supposén caseof typical datasets.Com-
parablevisual resultswill be obtainedby applying Levoys
gradientshadingnethodBut in contrasto ourapproachhe
whole datasetmustbe re-sampledWe shouldmentionthat
thereis noreasorwhy we shouldnotuseadensityinterval to
furtherclassifythefound edgesAnotherdegreeof freedom
is addedn this case.

7. Discussion and futurework

We have describeda multiscalemethodto detectand en-
hancestructuresrom volumetricdataandto integratethis

informationinto the renderingprocessThe proposedech-
niguecopesexcellentlywith certainnoisedistributionsand
thusallowsthediscriminationof therelevantstructuresFur

thermorethe dataanalysiss speedup to someextentsince
the objectspacemultiscalerepresentatiors integratedinto

theimagingprocessTheusercanarbitrarily switchbetween
differentlevels of detailin orderto speedup the rendering
pass.

A lessmemoryintensve octreerepresentatiogan be con-

structedfrom the original signal by taking into account
the edgeinformationin conjunctionwith the local variance
within thedata.Goodcompressiomatiosareobtainedwhile

achieving sufiicient renderingquality.

In most casesthe proposedmethodis significantly faster
than fixed step renderingtechniqueswithout deteriorating
thefinalimagequality. In thecontrarythedominanteatures
areextractedasthey areandcanberenderecgrominent.

Olwviously, ourmethoddoesnotdiffer from othermethodsn
thefactthatthe structureswithin the volumestronglyinflu-
encethe renderingtimesandthe compressiomatios. How-
ever, referringto the statement®f othervolumerendering
specialistswho arguethat almost80% of typical volumes
areemptyor almosthomogeneousurmethoddecreasethe
renderingimesandtheusedmemoryto considerablextent.

In thefuturewe planto spendadditionalwork on adetailed
investigatiorof theextractedstructuresTheimportantques-
tion is how to extendthemin orderto build closedsegments.
Techniquedrom image processindike morphologicalop-

erations,region grawers or ballooningmethodsshouldbe

tried.

(© TheEurographicsssociationrandBlackwell Publishers1998.

Anotherstill openquestionis how we candistinguishbe-
tweendifferent structuresin termsof their multiscalerep-
resentationHigher order sggmentationrmethodshave to be
appliedin orderto find connectedggments Sofar, all struc-
turesare binary classifiedandthe distinctionis madedur
ing the renderingprocessby taking into accounta mate-
rial threshold.However, a more detaileddistinction would
behelpful.
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Figure 13: (a) Theoriginal datain full resolution(b) Magnitudesof the gradientmaximaat thefirstscale (c) at thesecondscale and(d) at
thethird scale

Figure 14: (a) Vesseldata setwithout preprocessing(b) Ray-castingpasedon maximachainswith integrated renderingof softtissue (c)
Chromosomelatasetwithoutprepocessing(d) 3D texture projectionbasedon closedmaximachains.

Figure 15: (a) Original datasetrendeedon full resolutionwith 100% samples(b) Ray-castingf finestscaleedgeswith 15% samplesand
(c) coarsescaleedgeswith 0.5% samples(d) Ray-castingerformedon thereducedctreereconstructiorwith 30% memory
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