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Abstract
A numberof techniqueshavebeenproposedfor renderingvolumetricscalardatasets.Techniqueshavealsobeen
proposedfor analyzingthe threedimensionalinformationcontentsof the underlyingdomain,but traditionally
thedataanalysispart is left asa post-processingstepwhich only involvestherenderedtwo dimensionalimages.
In this paper, wedescribea visualizationmethodfor scalarvolumedatawhich integratesexplicit knowledge of
the underlyingdomaininto the renderingprocess.Thekey of this approach lies in a hierarchical descriptionof
thediscretesignal,which is decomposedinto a sequenceof multiscalerepresentations.We describea technique
for theanalysisof structureswithin thedata.Thisallows for thesegmentationandclassificationof the relevant
featuresandcanbeusedto improvetheir visualsensation.We alsoaddresstheproblemof accelerating thefinal
renderingpassby integrating theextractedobjectspaceinformationinto theray traversal process.

1. Introduction

During the lastdecadeseveralapproachesto directvolume
renderinghave beendevelopedand explored extensively.
Traditionally, thesemethodsdo not take into accountthe
structureof the underlyingdata.Explicit knowledgeof the
objectscharacteristicsis not integrated,and consequently,
thedataanalysispart is left asa post-processingstepwhich
is mainlyperformedin imagespace.

Obviously, theresultswill bemoremeaningfulif additional
work is spenton thedirectanalysisof thethreedimensional
structures.This also helps to optimize the completeanal-
ysis/synthesiscycle. The key lies in the integration of the
extractedinformationinto thefinal renderingpass.Thereby,
the gapbetweendataanalysisand imagesynthesiscanbe
closed.Differentstagesof the whole visualizationprocess
(seeFigure1) may be consideredsimultaneouslyto gener-
atethedesiredeffects.

In this paper, we proposea new techniquethat performsa
structuralanalysisof thedataandincorporatestheoutgoing
informationinto theimagingprocess.Basically, therearethe
following advantagesto thisstrategy.� Feature Extraction: The dominantfeatureswithin the

volumedataareextractedandcanbe perfectlydiscrimi-
natedfrom whitenoisedistributions.
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Figure 1: Volumevisualizationpipeline.

� Data Enhancement: Sincetherelevantstructuresarede-
termined,their visual appearancecanbe enhanced.This
improvestheinformationcontentsof therenderedimages
andoptimizesthedataanalysiscycle.� Performance Tuning: Therenderingtimescanbeaccel-
eratedto someextentby integratingtheobtainedinforma-
tion into thevisualizationprocess.

The forerunnersto our techniquecanbeclassifiedin terms
of theuseddatastructuresandtheway in which they try to
analyzethecharacteristicsof theobject.As in traditionalim-
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ageprocessingthedataanalysisis commonlyperformedin
a preprocessingstep.It is usedto generatea modifiedver-
sion of the original signal in which the desiredeffectsare
renderedprominent.

While a numberof 2D techniquescanbestraightforwardly
extendedto 3D, specificapproachesfor analyzingvolumet-
ric datasetshave beenproposed.

In 6 it was claimedto estimatethe consistency of volume
cells from materialdependentprobability distributions. A
verypopularandefficientshadingtechniquewasintroduced
in 17. This methodcombinesthe local grey-scalegradient
and a material thresholdto determinesharpboundaryre-
gionsof interest.Then,thematerialopacitywithin thesere-
gions is scaledup accordinglyin order to enhancethe ex-
tractedstructures.

Ontheotherhand,severalaccelerationtechniqueshavebeen
explored16� 31� 4 � 7� 8� 23 which try to integratethecomposition
of thevolumedatainto therenderingprocess.Frequentlyuti-
lizeddatastructuresareoctrees,whichstoremultiplecopies
of thesignalwith decreasingresolution(seeFigure2).

1

�
�

�

Figure 2: Octreereconstructionfromdifferentresolutionlevels.

Recently, waveletbasedmultiresolutiontechniquesfor vol-
ume visualization have been examined in more detail
25� 26� 29� 10. Wavelet transformsdescribean effective tool to
compressmulti-dimensionaldiscretesignals,andalsoto an-
alyze their local characteristics.Furthermore,the original
domaincanbelocally reconstructedfrom its multiresolution
decomposition.By takingadvantageof thesparsenessof the
representationtherenderingprocesscanbeaccelerated.The
majorlimitationof waveletbasedrenderingtechniquesis the
additionaltime they spenton reconstructingthedataduring
therenderingpass.Only for very sparserepresentationsthe

resultanttimescomecloseto thosethatcanbeachievedby
traditionalaccelerationtechniques.

On the otherhand,wavelet basedtechniquesallow one to
preciselyanalyzethe dataat differentscales.Thus,we re-
commendto take advantageof the representationby trying
to extracttherelevantstructures.

As wavelettransformspreserve localdifferenceinformation
betweensuccessive averaginglevels (seeFigure 3), sharp
variation points are still retainedat distinct scales.Addi-
tionally, theevolutionof thedetailinformationacrossscales
characterizestheoriginal signal11� 12� 22� 3. In particular, it is
possibleto estimatethelocal smoothnessfrom thedecayof
thewaveletcoefficientsmaximaalongdifferentscales.

This multiscalebehavior was exploited for the processing
andvisualizationof time-resolved volumedata30, andalso
for the determinationof critical regions within volumetric
datasets9. A similar approachwaspresentedby Sakas28.
He arguedintuitively that featureswithin the volumemust
beretainedonthecoarseapproximations.Consequently, the
extractionof structureswhich remaindominantacrossdif-
ferentscalesshouldbethemainconcern.

Difference

Average

Figure 3: Schematicrepresentationof themultiresolutionhierar-
chy in twodimensions.

In the remaining sectionswe discussthe application of
wavelet basedmultiscaletechniquesfor the extractionand
analysisof the dominantfeaturesfrom 3D scalardatasets.
Oncewe have exemplified the extraction process,we de-
scribehow to efficiently integratethefoundstructuresin or-
derto acceleratetherenderingprocess.Beforewestartwith
adetailedexplanationof theproposedmethod,we first give
anexamplewhichdescribesthekey ideas.

2. The Experiment

A verypopularmethodfor visualizing3D datasetsin scien-
tific applicationsis to determinematerialboundaryregions
andto renderthemin a prominentmanner. This procedure
is quite similar to the traditionaledgedetectiontechniques
in imageprocessing.Sinceedgescarry the most important
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information,it oftensufficesto visualizethesestructuresin
orderto completelyextracttheinformationcontent.

In contrastto 2D techniqueswheretheedgefindingprocess
only relieson the local gradientof the signal,the common
approachin volume visualizationis to determinesurfaces
of equalmaterialproperties,so called iso-surfaces.Either
this is performedin objectspaceby constructinggeometric
modelswhich approximatethe surface18, or the extraction
processtakesplaceduringtheray traversalin standardray-
castingtechniques17. The left imagein Figure4 shows the
visualizationof an iso-surfaceaccordingto a given thresh-
old. The extractedsurfacebelongsto the boundaryregion
betweentheheadandtheouterair in aMRI-Scan.

Figure 4: Iso-surfaceextractionfroma humanheadMRI-Scan.

Now let usassumethatwe areonly interestedin extracting
andvisualizingthis specificiso-surface.In orderto demon-
strateour methodwe decomposetheoriginal datasetinto a
multiscalehierarchy, that is, startingwith the original data
setanaveragingandadifferencingstepis performedateach
level of thehierarchy. Thisprocessyieldsapairof low-pass
andhigh-passfilteredversionsof theoriginal signalat each
stage.The sameprocedureis repeatedlyappliedto the low
frequency partat eachlevel.

Let ushave a closerlook on thehierarchicalrepresentation
that is constructed.Thedifferenceinformationat eachlevel
describesthe information that is lost due to the averaging
step.Sincethe differenceinformationcarriesthe high fre-
quency parts,high magnitudevaluesareconcentratednear
sharpboundaryregions.In emptyor homogeneousregions
thevaluesareratherlow.

But how much of the differenceinformationdo we really
needto reconstructtheiso-surface?Obviously, largeregions
within thedatacanberemovedsincethey do not contribute
to the relevant features.This is outlinedin the right image
of Figure4. The iso-surfacewasreconstructedfrom a mul-
tiscalehierarchythatwasreducedabout95%of theoriginal
data.

Note thatonly a very small fractionof theoriginal amount
of memoryis used,but we are still able to determinethe
principlelocationof theiso-surface.Of course,we loosein-
formationdue to the reductionprocess,but even from the

sparserepresentationthoseregionscanbe extractedwhich
enclosetherelevantfeatures.

The major challengeto our approachis the development
of a unified framework for finding the boundaryregionsin
volume datasetsand for integrating thesestructureseffi-
ciently into the renderingpass.Assumingthat we have al-
readyfoundtheseregionsandthatwehavemarkedthemfor
furtheruse,thentheaccuracy of thefinal renderingpasscan
beadjustedaccordingto thestructuresweareseekingfor.

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

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

Figure 5: Octreebasedadaptiverefinement.

In thefollowing sectionswediscussin moredetailthemath-
ematicaltheoryandthemajorissuesof ourapproach.

3. Multiscale Feature Extraction

A populartechniquein signalprocessingandimageanalysis
is thedetectionof irregularstructuresor edgeswhich often
carry most of the relevant information.Typical multiscale
techniquestry to decomposetheoriginal signalinto a hier-
archywhich includescopiesof thedataat increasingscale.
Thesizeof detailsthat canbe detectedwithin thesecopies
scalesupaccordingly.

Themajoradvantageof multiscaletechniquesis theability
to investigateand visualizethe original signal at different
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levels of detail.Moreover, from the evolution of the signal
acrossscalesits localcharacteristicscanbedetermined.

Onekey ideais that if theoriginal signal f � x� is convolved
with a smoothingfunction θ � x� , thenthe zerocrossingsof
f � θ 	 	
� x� can be usedto detect the local sharpvariation
pointsof the blurredversionof f 19. Small fluctuationsin
the original signal are removed in the blurred one, while
thedominantedgesareretainedduringtheconvolution.Per-
forming different passeswith scaledversionsof the same
smoothingfunctionyieldstheedgeinformationatincreasing
scale2. The multiscaleinformationcanbe gatheredacross
differentlevelsto determinetherelevantfeaturesat theorig-
inal scale.

In general,it is not necessarythat thesmoothingkernelis a
Gaussian.Theedgedetectionprocesscanbeimprovedif the
kernelfunctionhascertainotherproperties21� 22. Assuming
θ to betheintegralover awaveletΨ†

θ � x���� x� ∞
Ψ � t � dt � (1)

and setting θ j � x��� 2 j � 2θ � 2 jx� and Ψ j � x��� 2 j � 2Ψ � 2 jx� ,
thenthewavelettransformat scale2 j canbewrittenas

W j f � x��� f � Ψ j � x��� f ��� 2 j dθ j

dx
��� 2 j d

dx
� f � θ j ��� x���

The wavelet transformat scales, which is restrictedto the
dyadicscale2 j � j � Z, in theactualimplementation,is thus
proportionalto thederivativeof theoriginalsignalsmoothed
by θ j � x� .
Sincethetypeof inflectionpoint canbedistinguishedfrom
the absolutevalue of W j f � x� , the secondderivative does
not accountfor the determinationof the signalsedges.As
amatterof fact,themultiscaleedgesof f canbefully speci-
fiedby repeatedlyconvolving Ψ j with thesmoothedversion
f � θ j � x� anddeterminingthelocalmaximaof W j f � x� .
In orderto extendtheapproachto threedimensionsderiva-
tive wavelets Ψ1 ���x��� Ψ2 ���x� and Ψ3 ���x� have to be con-
structed,which themselvesarethepartial derivativesalong
x, y andz of a threedimensionalsmoothingfunction θ ���x� .
Thisprocessis definedwith respectto imagesin 2122. Appar-
entlywefollowedthesameideasfor volumetricapplications
in this work. As in the one dimensionalcasethe gradient
vectorat scale2 j canthenbewrittenas�∇ � f � θ j �����x������� W j

1 f ���x�
W j

2 f ���x�
W j

3 f ���x�
 "!# � 2 j ��� ∂

∂x � f � θ j �����x�
∂
∂y � f � θ j �����x�
∂
∂z � f � θ j �����x �

 "!# �
Finally, at every positionit is checked whetherthegradient
magnitudeis a local maximumor not. This is doneby de-
terminingthelargestgradientmagnitudealongthedirection

† Ψ is saidto beawaveletif $&% ∞' ∞ Ψ ( x) dx * 0, andΨ hasexponen-
tial fastdecayat infinity.

thegradientis pointingto. Themagnitudecanbecomputed
from thesquaresof thegradientcomponentsas+ �∇ f

+ �-, � f � Ψ1 ���x�.� 2 / � f � Ψ2 ���x�.� 2 / � f � Ψ3 ���x�.� 2 �
A localmaximumis foundif themagnitudeis strictly larger
thanits neighboralongthe gradientdirectionandlarger or
equalthanthe neighborin the oppositedirection,andvice
versa.

In practice the direction vector 0 f � Ψ1 ���x��� f � Ψ2 ���x��� f �
Ψ3 ���x ��1 mustbediscretizedinto afinite numberof directions.
Otherwiseevery grid point is classifiedasamaximumsince
no gradientvectorpointsexactly to anothergrid point. The
numberof directionsinto whichthegradientsarediscretized
influencestheconnectivity of thestructuresthatarefoundto
someextent. The moredirectionsareused,the more local
maximawill befound.A discretizationinto the26directions
to thenearestneighborswithin thethreedimensionalneigh-
borhoodhasbeenchosenin theactualimplementation.

Figure13 shows theextractedgradientmaximaat different
scalesfrom a 3D chromosomedataset.Thevoxel intensity
scalesup accordingto the magnitudeof the gradientmax-
ima.Redspotsemphasizesmallmagnitudewhile largeones
shift to green.Notethatthemagnitudesincreasecloseto the
dominantfeaturesat thecoarserscaleswhile they fall off in
noisyregions.Particularly, thenumberof maximadecreases
drasticallyfrom fine to coarsescale.

3.1. Derivative Wavelets

So far, nothinghasbeensaidaboutthe waveletswhich are
involvedin theedgedetectionprocess.Theonly conditionis
that they have to bethederivativesof a smoothingfunction
θ � x� . In general,equation(1) doesnot hold for the scaling
functionΦ andthewaveletΨ whichdefineamultiresolution
analysis20� 3� 13.

Mallat et al. 21 developedpairsof waveletsandsmoothing
functionsin Fourier spacefrom which derivative wavelets
with arbitraryapproximationpropertiescanbeobtained.The
scalingfunctionΦ andthewaveletΨ with n vanishingmo-
mentsaredefinedin thefrequency domainby

Φ̂ � ω �2�43 sin� ω 5 2�
ω 5 2 6 2n7 1

, Ψ̂ � ω �8� iω 3 sin� ω 5 4�
ω 5 4 6 2n7 2 �

Thecorrespondingsmoothingfunctionis definedby

θ̂ � ω ���93 sin� ω 5 4�
ω 5 4 6 2n7 2 �

It satisfiescondition1. Throughoutthe implementationwe
chosen equalto 1. This yieldsthequadraticsplinewavelet
andthecubicsplineasthesmoothingfunctionasshown in
Figure 6. The finite impulseresponsefilters that are nec-
essaryto performthe discretewavelet transformarecom-
pletelyspecifiedin 21.
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Figure 6: Quadratic splinewaveletΨ with onevanishingmoment,
scalingfunctionΦ, andcubicsplinesmoothingfunctionθ.

3.2. Structural Analysis

Summarizingthe results we concludethat the dominant
structuresremainpresentall over themultiscaleversionsof
the3D dataset.On theonehand,sincethegradientmaxima
arecomputedfrom thelow frequency partsatevery level the
entropy of theextractedinformationslightly decreases.Less
dominantstructuresdisappearat oneof the coarserscales.
Ontheotherhand,it is justtheevolutionof thegradientmax-
ima acrossscaleswhich allows for the characterizationof
theoriginal signal.Thereforethemaximainformationfrom
differentscaleshasto becombined.This is describedin the
next paragraph.

Fromtheasymptoticdecayof thewaveletcoefficientsto the
finestscalethesmoothnessof thesignalcanbeestimated.A
commonmeasurefor thesmoothnessis theHölderLipschitz
regularity‡ 12� 22.

If the signal has an isolatedsingularity at x0, then there
is a path,or a chain, from the coarsestscaleto the point
x0 at the finest scalealong which only local maximaex-
ist. Two locationsx j

1 andx j 7 1
2 at differentscalesalongthe

path are restrictedto differ only slightly in space,that is,+
x j

1 : x j 7 1
2

+<;
A, whereA dependsontheusedwavelet.From

the decayalongthesemaximachainsthe Hölder exponent
canbe estimated.Thesignalis uniformly Lipschitz regular
with Hölderexponentα over an interval Ω if thereexistsa
constantK suchthatfor all x � Ω thedecayalongthechains
behavesas +

W j f ���x� +=; K > + 2 j + α � (2)

Thus,all singularitiesof thesignalcanbedetectedby con-
nectingthosemaximawhichproceedfrom acertainscaleto
the next coarserone.Recall from (2) that in caseof sharp
variationpointsthemaximaat all scaleshave to exist. Con-
sequently, insteadof estimatingtheHölderexponentnumer-
ically it suffices to classifypoints in termsof the number
of maximathatarepointingto them.Notethatall gradients
alongachainmusthave thesamedirectionwithin sometol-

‡ A function ? L2 ( R3 ) is said to be uniformly Lipschitz on a set
Ω @ R3 with Hölder exponentα and0 A α A 1, if thereexists a
constantK sothat B&Cx0 D Cx1 ? Ω : E f (FCx0 )HG f (ICx1 ).E"J K E Cx0 GKCx1 E α.

erance.As will bedescribedlater it canbeusedto enhance
theconnectivity betweenmaximafrom differentscales.

Figure7 shows a 2D example.Thepixel brightnessdirectly
correspondsto thegradientmagnitude.Notethatthebright-
nessalongtheedgesincreasesfrom scaleto scalewhile be-
tweenthemit is reducedor extinguished.

Figure 7: Gradientmagnitudeat differentscales.

Figure14 outlinesthe principalbehavior in moredetail. In
both exampleswe show the original data set and the lo-
cationsat the finestscalewherea closedmaximachain is
pointing to. In the left imagesof the vesselstructuresand
thechromosome,respectively, thevoxel opacitywaslinearly
adjustedto thegradientmagnitude,while in theright images
aconstantvaluewasusedfor all voxels.This is quitesimilar
to thevolumegradientshadingmethodproposedin 17.

Therenderingmethodsweuseddiffer substantiallyfrom the
first to the secondexample.3D texture basedslice projec-
tion was chosenfor the chromosome,while for the vessel
structuresastandardray-castingalgorithmwasapplied.The
readermight have noticedthaton theright only thebound-
aryregionsarepresentwhile ontheleft alsostructuresin be-
tweentheboundariescanbeseen.This is explainedin more
detailin thenext chapter.

It canbeclearly realizedthat thedominantfeaturesremain
visible acrossscales.Fuzzyor noisystructuresareremoved
sincethey do not contribute to closedchains,i.e., they dis-
appearat oneof thecoarserscales.

In the presenceof stationarywhite noisethis phenomenon
can be formally explained. The expectationvalue of the
squaredwavelet transformof white noisewith varianceσ,
E � +Wn � s� x� + 2 � , equalsL Ψ L 2 σ2 5 s. It is thusinverselypro-
portionalto thescales. Thedecayof thewaveletcoefficients
behavescontrarilyto that,whichcanbeobservednearedges.
Specifically, all scale-spacemaximacurveswhichdisappear
at oneof the coarserscalesdo not belongto the dominant
features.
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Weshouldmentionherethatweonly usethemaximainfor-
mationto detectandindicatetherelevantstructures.We do
not try to reconstructtheoriginal datasetfrom its maxima,
asproposedin 21� 8.
3.3. Optimization

In thissectiontwo majorproblemsof theoutlinedapproach
shouldbefurtherdiscussed.First, how canwe computethe
multiscaleinformation without increasingthe memoryre-
quirementtoo much?Unfortunately, computingthe infor-
mationat all scalesin advanceis not possible.Second,how
canweavoid undesirablegapsor holeswhichbasicallyarise
from the discretizationof the wavelet transformandgradi-
ents?

The first problemcanbe solved quiteeasily. This is dueto
thecompactsupportof 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 holdsan unsignedinteger value in
which the gradientdirection and its magnitudeare saved.
The quantizeddirectionis codedin the 16 leastsignificant
bits whereasthe otherbits areusedto codethe magnitude.
After processinga certainscalethemaximalgradientmag-
nitudewhich appearedin that positiontogetherwith its di-
rectionremain.

Thesecondproblemoriginatesfrom thediscretizationof the
continuouswavelettransform.Sinceweproceedonadyadic
scaleandalsodiscretizethe gradientsinto a small number
of directions,it it almostimpossibleto obtainclosedmax-
ima chainsacrossdifferent levels. From one level to an-
otherlocal maximaslightly changetheir positionandshift
in space.Dependingon the supportof the usedbasisfunc-
tionsall maximachainswhich point to a certainlocation �x0
at the finestscalelie within a coneof influencedefinedby+ �x : �x0

+M;
A > s. Therefore,a maximumat scale2 j andpo-

sition �x0 possiblyinfluencespoints at scale2 j � 1 within a
neighborhood

+ �x : �x0
+H;

A	 . TheconstantA	 dependson the
supportof the involved basisfunctionsanddeterminesthe
rangewithin which we seekfor maximaat thenext coarser
scale.

Additionally, standardimageprocessingtechniqueswhich
help to closesmall gapswithin a level and try to extend
chainsas long aspossiblecanbe applied.Figure8 shows
partsof a datasetbeforeandafter thesecorrections.In the
right imagesmallgapsareremovedby trying to enlargeseg-
mentswhich arebroken into disconnectedpieces.Theway
weproceedis to look for structureswhichdonothavedirect
neighborsthatbelongto thesamesegment,but which have
neighborstwo stepsawaythatdo.Oncewehavefoundthese
structures,weputadditionalmaximawith thesamedirection
into thedataat this level.

Obviously, thegradientsat thesenext neighborsmustpoint

Figure 8: Structural enhancementbyclosingsmallgapsandholes.

into the samedirection. Notice that the tolerancewithin
which two gradientsaresaidto have thesamedirectionin-
fluencestheconnectivity of thefoundstructuresto someex-
tent.

3.4. Edge Representation

Finally, we muststorethe extractedmultiscaleedgerepre-
sentationin suchaway thatallows its directintegrationinto
therenderingprocess.During thestructuralanalysisan8 bit
field is generatedfor eachvoxel. It indexesthescaleatwhich
a multiscaleedgepassesthroughthatvoxel. Thenumberof
bitsusedequalsthenumberof scalesthatareprocessed.

If bit j is setatposition �x, thenamaximumis locatedat that
positionat level 2 j . Eachtimeamaximumat location �x j and
scale2 j ispusheddown to thenext coarserscale,2 j 7 1, topo-
sition �x j 7 1, thenbit j / 1 is setin thebit maskat �x j 7 1. From
eachbit patternor tag it is now easyto determinethe mul-
tiscaleedgeswhich passthroughthe correspondingvoxel.
Basically, 4 differentpatternscanbedistinguished(seeFig-
ure9).

scale 1

scale n

Figure 9: Categoriesof bit patternwithin each tag.

In particular, weseekfor thosestructureswhicharecodedby
thefirst tagin Figure9: amaximachainpointsexactly to the
correspondinglocation.Sinceit proceedsacrossall levels
we will call it a closedmaximachainhereafter. Theseare
the sharpvariationpointsthat arepreserved at every scale.
The secondandthird patterncorrespondto small fuzzy or
noisy fluctuationswhich areremoved at oneof the coarser
scales.The last onelocalizesmaximaat the coarserscales
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which areshiftedinto othervoxelsbut do not defineclosed
maximachains.

Sincein practicewe only computethe first n levels,where
n is small (3-4), we alsostorethat level in the bit field at
which a maximumat a certainpositionwasoriginally de-
tected.Now wehave thecompleteedgeinformationat mul-
tiple scalesavailable.

4. The Rendering Pass ...

Fromthestructuralanalysisof thediscretevolumedatawe
obtainanadditionaldatasetof equalresolutionin whichthe
multiscaleedgeinformationis coded.Eachbit patternindi-
cateswhethera closedmaximachainis pointingto thecor-
respondinglocationin theoriginal signal,andalsowhether
a maximumwasfoundat this locationoriginally. Now, we
seeka methodthatallows usto integratetheedgeinforma-
tion into the renderingprocess.Recall that the bit field de-
fines somekind of skeletonwhich separatesdifferentma-
terials from eachother: it builds segmentswhich spanthe
materialboundaryregions.

In directvolumevisualizationalgorithmstheamountof light
impinging on the view planeat a certainposition is simu-
latedby evaluatingthe well known volumerenderinginte-
gral 27� 16� 14

I � t0 � t1 ���  t1

t0
q � t � e��N t

t0
σ O sP dsdt

alongeachrayof sight(seeFigure10).It sumsupthecontri-
butionsof thevolumeemissionq � t � alongtheray, which is
scaledby theopticaldepthaccordingto thevolumeabsorp-
tion σ � s� .

Figure 10: Volumeray-casting.

Traditionally, theevaluationof theintegral is performedus-
ing anEuleriansum:the ray is split into segmentsof equal
lengthover which the sourceterm and the opacityareas-
sumedto beconstant.Thecontinuousintegralevaluatesinto
adiscretesumover thesegmentsalongeachray:

I � t0 � t1 ��Q n

∑
k R 0

qkσk

k � 1

∏
i R 0

� 1 : σi ��� (3)

The complexity of the renderingprocessis proportionalto

thenumberof samplesthathave to bereconstructed.Com-
monly, O(n3) samplesareevaluatedby tri-linear or higher
order interpolationof the original voxel values.At every
imagingstepthewholevolumeis re-sampled.Thecomplex-
ity can be improved by adaptively choosingthe sampling
frequency accordingto the importanceandthe rangeof the
underlyingdata16� 4.
Thefirst approachto dealwith themultiscaleedgerepresen-
tationis to useit asa binaryclassifierwhich determinesthe
visible structures.Equation(3) is evaluatedonly if the ray
hits a voxel that belongsto a bit patternof interest.Other-
wisethesegmentsopacityis setto zero.

The major limitation of this approachis that the rendered
imagesonly show the boundaryregions, but on the other
handit hastwo major advantages.First, non boundaryre-
gionscan be traversedvery quickly. This is accomplished
by usingray-generators1� 24 (seeFigure11) which rely on a
uniform subdivision of the underlyingdomain.All hits be-
tweenarayandthevolumecellscanbefoundincrementally.
If an intersectionwith oneof theedgesis determined,then
equation(3) is evaluatedon theoriginaldataset.

AX

AY

DY

DX

LY

LX

Figure 11: Uniform subdivisionandcell traversal processin two
dimensions.LX andLY are thedistancesfrom planeto plane. DX
and DY specifythe normalizedray direction.AX and AY are the
distancesfrom the entrancepoint of the ray to the planesparallel
to theaxes.Thedistancesalongtheray fromtheentrancepoint to
theplanesare PX andPY. GivenTX * LX

DX , TY * LY
DY , andPX *

AX
DX D PY * AY

DY , thentheminimumof thedistancesPX andPY is the
actualdistanceto theexit point.Thenew valuesof PX andPY can
becomputedfromtheir old valuesandthevaluesof TX andTY.

Thesecondfeatureis thepossibilityto renderthe3D edges
atarbitraryscales.Sincethenumberof gradientmaximade-
creasesdrasticallyat thecoarsescalestherenderingpasscan
beaccelerated.Obviously, weonly obtaintheinformationat
low resolution,but oftenit sufficesfor fastpreview purposes.
Thefirst threeimagesin Figure15 demonstratebothaccel-
erationtechniques.For eachof the proposedmethodsthe
percentageof sampleswhich were reconstructedfrom the
originaldomainis given.
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The first imageshows the original datasetwhich wasren-
deredin full resolution.Thresholdingwasappliedduringre-
samplingto highlight the principal structure.Images2 and
3 show the 3D edgesat the finest scaleand at one of the
coarserscalesrenderedwith thedescribedray-castingtech-
nique.Thresholdingwasappliedonly if ahit with astructure
wasdetermined.Notethatavery largenumberof samplesis
savedwhile wealreadyobtainthedominantstructures.

The describedrenderingtechniquesare particularlyuseful
to visualizetheboundaryregionsof thevolumedataset.On
theotherhand,sincewealreadystoretheoriginaldatain full
resolutionit is alsopossibleto visualizematerialsoft tissue.
Therefore,the reconstructionprocessis performednot just
aroundtheedgesbut alsoin betweenthem.In general,vol-
umerenderingaccelerationtechniqueswhichtry to adaptthe
integrationstepsizeaccordingto thematerialpropertiescan
beapplied.In orderto ensurethatall edgesarehit themodi-
fiedstepsizesareonly usedbetweentheintersectionpoints.

5. ... on Sparse Representations

A major limitation of theproposedrenderingapproachesis
theamountof memorythat is used.In additionto theorigi-
naldatathemultiscaleedgerepresentationmustbestored.It
takesat leastan8 bit field of equalresolutionastheoriginal
one.Thenecessityto storetheinformationin a lessmemory
intensive representationbecomesadominantgoal.

In order to accommodatethis requirementwe proposeto
generatean octreedatastructurein which the material is
coded.Therefore,a criterion must be chosenwhereto re-
finetheoctree.Theconditionunderwhicharefinementtakes
placeis preciselydescribedby theedgeskeleton,but addi-
tionally, the local variancewithin certainregions must be
considered.

New nodesare always constructedif the parentnode in-
cludesat least one edge.If the parentnodedoesnot in-
clude an edge,then the local variancewithin this nodeis
usedto decidewhetherit hasto be split or not. Figure12
demonstratesthe basicidea in flatland.The subdivision is
performedjust aroundtheedgesof a 2D sliceout of the3D
chromosomedataset.Note that thequadtreeallows theac-
curatedecodingof regionscloseto theedges,while in homo-
geneousregionsa lessaccurateapproximationis obtained.

Of course,thetraversalprocessgainscomplexity sinceeach
ray must be passedthroughthe octreerepresentation,but
on theotherhand,a hugeamountof memoryis saved.The
rightmostimagein Figure15 shows an examplewherethe
chromosomedatasetwasrenderedonthereducedpointered
octreedatastructurewith about30% of the original mem-
ory. It is obvious that the basicfeaturesremainunchanged
while only betweenthe boundariesthe reconstructionerror
is increased.

Figure 12: Quadtreebasedray traversal.

6. Results

Wehave implementedthecompletesystemdescribedin this
paperonamodernsingleprocessorsystem.All resultswere
computedonaR4400processorrunningwith 75Mhz. Both
testdatasetshave a resolutionof 2563. The first example
shows a chromosomedatasetscannedby a confocalmicro-
scope,thesecondexampleshowsamr-angiographicscanof
humanvesselstructures.Oneintermediateunsignedinteger
field hasto be allocatedduring processing,and one addi-
tionalbytefield is neededfor thefinal renderingpass.

The most expensive task is the computationof the gradi-
entmaximaat eachlevel. In practicewe experiencedthat it
sufficesto incorporatethe first threelevels sincestructures
becometoo fragmentedon the next coarserones.It took
roughly14minutesto processeachlevel separately, andad-
ditional9 minutesto detecttheclosedmaximachains.

Figure13clearlydemonstratesthedecreasingnumberof lo-
cal gradientmaximafrom fine to coarsescale.Eachmax-
imais highlightedby increasedopacityof thecorresponding
voxel. Notethatmaximawhichresultfrom noisearealmost
completelyremovedat oneof thecoarserscales.

Theextractionof relevantstructuresis outlinedin Figure14.
It wouldbequitedifficult to achievethesameresultswithout
thresholdingthe original dataset.The distinctionbetween
differentkinds of featuresby only consideringthe original
dataseemsto beratherimpossible.Themultiscaleanalysis
enablesaprecisecharacterizationof thevisiblestructures.

An importantissueis thatour approachdoesno longerde-
pendonauserdefinedthresholdto reconstructtheboundary
regions.Only thoseregionswhich really correspondto the
boundariesbetweendifferentmaterialsareconsidered.
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Figure 15 clearly demonstratesthe performancetuning of
our method.Thecomplexity of therenderingprocessis re-
ducedto considerableextent: the numberof samplesthat
have to be reconstructedis proportionally related to the
numberof closedmaximachainsthat have beenfound.Of
course,thereis a slight overheadbecausewe alsohave to
samplethe edgefield, but on the otherhand,this only in-
volvesa testwith thecell neighbors.Ray-castingthefinest
scaleedgestook32 % of thetimeneededto rendertheorig-
inal data,for thecoarsescaleedgesit took11%.

A speedup of somefactorstherebyachieving similar visual
quality is whatwesupposein caseof typicaldatasets.Com-
parablevisual resultswill be obtainedby applyingLevoys
gradientshadingmethod.But in contrastto ourapproachthe
wholedatasetmustbere-sampled.We shouldmentionthat
thereis noreasonwhy weshouldnotuseadensityinterval to
furtherclassifythefoundedges.Anotherdegreeof freedom
is addedin thiscase.

7. Discussion and future work

We have describeda multiscalemethodto detectand en-
hancestructuresfrom volumetricdataandto integratethis
informationinto the renderingprocess.The proposedtech-
niquecopesexcellentlywith certainnoisedistributionsand
thusallowsthediscriminationof therelevantstructures.Fur-
thermore,thedataanalysisis speedup to someextentsince
theobjectspacemultiscalerepresentationis integratedinto
theimagingprocess.Theusercanarbitrarilyswitchbetween
different levels of detail in orderto speedup the rendering
pass.

A lessmemoryintensive octreerepresentationcanbe con-
structedfrom the original signal by taking into account
theedgeinformationin conjunctionwith the local variance
within thedata.Goodcompressionratiosareobtainedwhile
achieving sufficient renderingquality.

In most casesthe proposedmethodis significantly faster
than fixed steprenderingtechniqueswithout deteriorating
thefinal imagequality. In thecontrary, thedominantfeatures
areextractedasthey areandcanberenderedprominent.

Obviously, ourmethoddoesnotdiffer from othermethodsin
thefact thatthestructureswithin thevolumestronglyinflu-
encethe renderingtimesandthe compressionratios.How-
ever, referringto the statementsof othervolumerendering
specialists,who arguethat almost80% of typical volumes
areemptyoralmosthomogeneous,ourmethoddecreasesthe
renderingtimesandtheusedmemoryto considerableextent.

In thefuturewe planto spendadditionalwork on a detailed
investigationof theextractedstructures.Theimportantques-
tion is how to extendthemin orderto build closedsegments.
Techniquesfrom imageprocessinglike morphologicalop-
erations,region growers or ballooningmethodsshouldbe
tried.

Anotherstill openquestionis how we candistinguishbe-
tweendifferent structuresin termsof their multiscalerep-
resentation.Higherordersegmentationmethodshave to be
appliedin orderto find connectedsegments.Sofar, all struc-
turesarebinary classifiedandthe distinction is madedur-
ing the renderingprocessby taking into accounta mate-
rial threshold.However, a moredetaileddistinctionwould
behelpful.
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Figure 13: (a) Theoriginal datain full resolution.(b) Magnitudesof thegradientmaximaat thefirst scale, (c) at thesecondscale, and(d) at
thethird scale.

Figure 14: (a) Vesseldatasetwithoutpreprocessing. (b) Ray-castingbasedon maximachainswith integratedrenderingof soft tissue. (c)
Chromosomedatasetwithoutpreprocessing. (d) 3D texture projectionbasedonclosedmaximachains.

Figure 15: (a) Original datasetrenderedon full resolutionwith 100% samples.(b) Ray-castingof finestscaleedgeswith 15% samplesand
(c) coarsescaleedgeswith 0.5% samples.(d) Ray-castingperformedon thereducedoctreereconstructionwith 30% memory.

c
�

TheEurographicsAssociationandBlackwellPublishers1998.


