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Kurzfassung

DirektesVolumenrenderingst eineflexible, aberRechenzeit-intenge Methodefir die Visu-
alisierungvon 3D Volumsdaten.Wegen der enormgrol3enAnzahl an Voxeln (“volume ele-
ments”),die verarbeitetverdenmiissenijst essogutwie nichtmoglich einenhochaufbsenden
Datenblockmit Hilfe von “brute force” Algorithmenwie klassischeniRay CastingoderSplat-
ting aufeinerSingleprozessormaschimgeraktv zurendern.

Eine Alternative ist, Hardwarebeschleunigungu verwenden Bildwiederholfrequenzem
Echtzeitkonnenerreichtwerden,wennmanparalleleVersionender Standardalgorithmeauf
grofRenMultiprozessorsystemeaustihrt. DieseLosungist nicht billig und wird daherauch
nichtoft verwendet.

EineweitereAlternativeist, die Beschleunigungllein mit speziellerSoftwaretechniknzu
erreichenum auchauflow-endPCseineschnelleVolumsdarstellungrreicherzu konnen.Die
Methodendie diesemAnsatzfolgen,verwendemormalerweis@inenVorverarbeitungsschritt
um die Volumsdarstellungchnellerzu machen. Zum Beispiel kbnnenKoharenzenn einen
DatensatzlurchVorverarbeitungausgenutziverden.

Software-undHardware-BeschleunigungsmethodepiasentieremparalleleRichtungerin
derVolumenrendering-6rschunggdie starkmiteinandeiinteragieren.n Hardwareimplemen-
tierte Algorithmenwerdenoft auchalsreine Software-Optimierungemerwendetndtblicher
weisewerdendie schnellsterSoftwarebeschleunigungstechaikin Hardwarerealisiert.

Wenn mandie oberenAspektebedenkt folgt dieseArbiet der reinenSoftware-Richtung.
Die neuesterschnelleriVolumenrenderingechnilenwie derklassische&SheafWarp-Algorith-
mus oder auf “distancetransformation’basierendéMethodenbeschleunigeulie Darstellung,
kdnnenabernichtin interaktven Anwendungerverwendetverden.

Dasprimare Ziel dieserArbeit ist die Anwendungs-orientiert®ptimierungexistierender
Volumenrenderingmethodemn interaktve Bildwiederholfrequenzeauchauflow-endRech-
nern zu ermdglichen. Neue Technilen fur traditionelles“alpha-blendingrendering”, Ober
flachenschattiert®arstellung,'maximumintensityprojection” (MIP) und schnelleVoransicht
mit der Moglichkeit, Parametelinteraktv zu verandern,werdenvorgestellt. Eswird gezeigt,
wie mandie ALU einer Singleprozessorarchitektanstatteiner Parallelprozessoranordnung
verwenderkann,umVoxel parallelzuverarbeitenDie vorgeschlagen®ethodefiihrtzu einem
allgemeinenWerkzeug,dassavohl “alpha-blendingrendering”als auch“maximum intensity
projection”untersiitzt.

Weiterswird untersuchtwie mandie zu verarbeitende®aten,abhangigvon derverwende-
ten Renderingmethodeeduziererkann. Zum Beispiel,verschieden&orverarbeitungsstarte-
gienfir interactve Iso-Flachendarstellungnd schnelleVoransicht,basierendauf einemver-
einfachtenVisualisierungsmodelyerdenvorgeschlagen.

Da die in dieserArbeit prasentierterMethodenkein Supersamplingintersiitzen,konnen
Treppenstufenartaktein dengenerierterBildern entstehenUm diesenNachteilzu kompen-
sierenwird ein neuesGradientenschitizungserfahrenwelcheseineglatte Gradientenfunktion
liefert, vorgestellt.



Abstract

Directvolumerenderings a flexible but computationallyexpensve methodfor visualizing3D
samplediata.Becausef theenormousiumberof voxels(volumeelementsjo be processedt
is hardly possibleto interactively rendera high-resolutionvolumeusingbruteforce algorithms
like the classicakay castingor splattingon arecentsingle-processanachine.

Onealternatveis to apply hardwareaccelerationReal-timeframeratescanbe achiezed by
runningthe parallelversionsof the standardalgorithmson large multi-processosystemsThis
solutionis not cheapthereforat is notwidely used.

Anotheralternatve is to develop puresoftware-onlyaccelerationechniquego supportfast
volumerenderingavenon alow-endPC. The methoddollowing this approachusuallyprepro-
cessthe volumein orderto make the renderingprocedurdaster For example,the coherence
insidea datasetcanbe exploitedin sucha preprocessing.

The software and hardware acceleratiormethodsrepresenparallel directionsin volume-
renderingesearclstronglyinteractingwith eachother Ideasusedn hardwaredevicesareoften
adaptedo puresoftwareoptimizationandusuallythe fastessoftware-acceleratiotrechniques
areimplementedn hardware,likein the caseof VolumePraboard.

Takingthe upperaspectsnto accountthis thesisfollows the software-onlydirection. The
recentfast volume-renderingechniquedik e the classicalsheafwarp algorithm or methods
basedon distancetransformatiorspeedup the renderingprocessout they cannotbe usedin
interactve applications.

The primarygoal of this thesisis the application-oriente@ptimizationof existing volume-
renderingmethodsproviding interactve frame-rateseven on low-end machines. New tech-
niquesare presentedor traditional alpha-blendingendering,surface-shadedlisplay maxi-
mum intensity projection(MIP), andfastpreviewing with fully interactve parametecontrol.
It is shawvn how to exploit the ALU of a single-processoarchitecturefor parallelprocessing
of voxelsinsteadof usinga parallel-processaarray The presenteddealeadsto agenerakool
supportingalpha-blendingenderingaswell asmaximumintensityprojection.

It is alsodiscussedow to reducethe datato be processedliependingon the appliedren-
dering method. For example, different preprocessingtratgies are proposedfor interactve
iso-suraicerenderingandfastpreviewing basedn a simplifiedvisualizationmodel.

Sincethe presentednethodsdo not supportsupersamplingstaircaseartifactscanappeain
thegeneratedmages.In orderto compensatéhis dravbacka new gradientestimationscheme
is alsopresenteavhich providesa smoothgradientfunction.
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Chapter 1

Intr oduction

In the lasttwo decadevolumevisualizationbecamea separatalisciplinein computergraph-
ics. In the early eighties,asthe scanningechnologiesisedin medicalimaginglike computed
tomography(CT) or magnetiaesonancénaging(MRI) becameanoredevelopedandprovided
higher resolutionimages,a naturaldemandaroseto processhe 2D slicesandvisualizethe
entiredatasetin 3D. Previously the datawasanalyzedoy generatingonly cross-sectionad2D
imagesof arbitrary directionsmappingthe datavaluesonto gray levels of the given display
device.

Althoughthesequencef slicescarriesspatialinformationthetraditionalcomputeigraphics
techniguesrenotdirectly appropriateo visualizethe datain 3D. Thesemethodgely on con-
ventionalmodelingdefiningthe virtual sceneby geometricaprimitives. In contrasta volume
datasetrepresentthe scendoy datavaluesavailableatregularor irregulargrid points. Thefirst
volume-renderingechniquesveredevelopedin orderto displaymedicaldatabut laterthis re-
searcldirectionleadedo ageneralisualizationtool. Volumescanbe obtainedoy discretizing
geometricaimodelsor usingary other3D scanningtechnology like measuringgeographical
datato renderdifferentundegroundlayers.

Recently thereareseveral paralleldirectionsin volumerenderingresearch Generally the
mainproblemis how to processheenormousmounf data(amodernCT scannecanprovide
asliceresolution512 x 512 with 16 bits/voxel precision). Oneapproachis to renderthe data
interactvely usinga specializednulti-processohardwaresupport.Sincethesedevicesarenot
cheapthey are not widely usedin practice. Anotheralternatve is to preprocesshe volume
in orderto make the visualizationprocedurdaster Althoughthereare several software-only
acceleratioomethodssolumerenderingon low-endmachiness still far from interactvity.

This dissertatiorfollows the latter approachand presentsew fastvolume visualization
techniquesvhich do not requireary specializechardwarein orderto achieve interactve frame
rates. Therefore,they canbe widely usedin medicalimaging systems. Although the main
orientationis themedicalapplicationareamostof the proposedlgorithmsareconsideredo be
acceleratiortoolsfor generalvolumerendering.

In Chapter2 the currentlyexisting volumevisualizationmethodsare classifiedinto differ-
ent catgories. Chapter3 givesan overvien of recentsoftware-onlyacceleratiortechniques
analyzingtheir advantagesanddisadwantagesChapter4 containghe maincontritution of this
thesispresentingnew interactve volume-renderinglgorithmsbasedon application-oriented
optimization.Finally, in Chapter5 thenew resultsaresummarized.



Chapter 2

Classificationof volume-rendering
methods

Therearetwo fundamentallydifferentapproachefor displayingvolumetricdata.Onealterna-
tive is indirectvolumerenderingwherein a preprocessingtepthe volumeis corvertedto an
intermediateepresentatiomhich canbe handledby the graphicsengine. In contrastthe di-
rectmethodsgrocesshevolumewithout generatingary intermediateepresentatioassigning
opticalpropertiedirectly to the volumeelementgvoxels).

Early indirectmethodsaim at the visualizationof iso-surficesdefinedby a certaindensity
threshold.Theprimarygoalis to createatriangularmeshwhichfits to theiso-regionsinsidethe
volume.Thiscanbedoneusingthetraditionalimage-processingchniquesyherefirst of all an
edgedetectionis performedontheslicesandafterwardsthe contoursareconnectedHaving the
contoursdeterminedhe correspondingontourpointsin the neighboringslicesareconnected
by triangles. This approachrequiresthe settingof mary heuristic parameterghusit is not
flexible enoughto usethemin practicalapplications A morerobustapproachs the“marching
cubes’iso-suraicereconstructio38], which marcheghroughall thecubiccellsandgenerates
anelementantriangularmeshwheneer a cell is foundwhich is intersectedy aniso-surfice.
Sincethevolumetricdatadefinedin thediscretespaces corvertedto a continuougyeometrical
model, the conventionalcomputergraphicstechniqueslik e ray tracingor z-buffering canbe
usedto rendertheiso-surhces.

Recently acompletelynew indirectvolume-renderingpproacthasbeenproposedywhere
theintermediataepresentatiors a 3D Fouriertransformof the volumeratherthana geomet-
rical model [39][57][37]. This techniqueaims at fast densityintegral calculationalong the
viewing rays. Sincethefinal imageis consideredo be an X-ray simulation,this techniques
usefulin medicalimagingapplications.The mainideais to calculatethe 3D Fouriertransform
of thevolumein apreprocessingtep. This transformations ratherexpensve computationally
but it hasto be executedonly onceindependentlyn the viewing direction. The final imageis
calculatecperformingarelatively cheap2D inverseFouriertransformatioron aslicein thefre-
guengy domain.Thissliceis perpendiculato the currentviewing directionandpasseshrough
theorigin of thecoordinatesystem Accordingto the Fourier projection-sliceheoemthepixels
of thegeneratedmagerepresenthe densityintegralsalongthe correspondingiewing rays.

Anotheralternatve of volumevisualizationis to renderthe datasetdirectly without using
ary intermediateepresentationl heopticalattributeslik e acolor, anopacity or anemissiorare
assignedlirectly to the voxels. The pixel colorsdependon the optical propertiesof the voxels
intersectedy the correspondingiewing rays. Thedirectvolume-renderingechniquesanbe
classifiedfurtherinto two cateyories. The object-ordemethodsprocesghe volumevoxel-by-
voxel projectingthemontotheimageplane,while theimage-ordemethodgroducetheimage
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pixel-by-pixel castingraysthrougheachpixel and resamplingthe volume alongthe viewing
rays. Thedirecttechniquesepresent very flexible androbustway of volumevisualization.
Theinternalstructureof the volumecanbe rendereccontrolledby a transferfunctionwhich
assigndifferentopacity and color valuesto the voxels accordingto the original datavalue.
Althoughthereis no needto generat@anintermediatgepresentatiodirectvolumerenderings
rathertime-consumingpecaus®f theenormousiumberof voxelsto be processed.

VOLUME RENDERING

T

INDIRECT DIRECT
SURFACE FREQUENCY OBJECT- IMAGE-
RECONST- DOMAIN ORDER ORDER
RUCTION RENDERING METHODS METHODS

Figure 2.1: Classificatiorof differentvolume-enderingmethods.

Figure 2.1 depictsthe classificationof recentvolume-renderingechniques. The follow-
ing sectiongdiscusghesealgorithmsin detail presentingonerepresentatie methodfrom each
family andevaluatingtheiradvantagesnddisadwantages.

2.1 Indir ectvolumerendering

In this sectiontwo indirectmethodsarepresentedThefirst oneis the classicaimarching cubes
surface-reconstructioalgorithmwhich corvertsthe discretevolumetricdatato a continuous
geometricaimodel. This techniques usedfor iso-suraicerenderingwhich canbe performed
in realtime usingthe corventionalgraphicshardware. The otherpresentedndirect methodis

thefrequency-domaiwolumerenderingaimingatfastdisplayof simulatedX-ray imagesfrom

arbitraryviewing directions.Herethe intermediataepresentatiors the 3D Fouriertransform
of the volumewhich is consideredo be a continuous3D densityfunction sampledat regular
grid points.
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2.1.1 “Mar ching cubes”- a surface-reconstructiontechnique

In the eightiesthe volume-renderingesearchwas mainly orientedto the developmentof in-
direct methods. At thattime no renderingtechniquewas available which could visualizethe
volumetricdatadirectly without performingary preprocessingThe existing computergraph-
ics methods ik e ray tracing or z-buffering [54] had beendevelopedfor geometricaimodels
ratherthan for volume datasets. Therefore,the ideaof corverting the volume definedin a
discretespacanto a geometricatepresentatioseemedo be quiteobvious. Theearlysurface-
reconstructioomethodsverebasedn thetraditionalimage-processinggchnique$1][58][60],
like edgedetectionandcontourconnection Becausef the heuristicparameterso be setthese
methodswerenot flexible enoughfor practicalapplications.The mostimportantmilestonein
this researctdirection was the marching cubesalgorithm [38] which had beenproposedby
Lorensen.This methoddoesnotrely onimageprocessingerformedon theslicesandrequires
only oneparametewhichis adensitythresholddefiningtheiso-surfce.

The algorithmis called“marchingcubes”sinceit marcheghroughall the cubiccellsand
generates localtriangularmeshinsidethosecellswhich areintersectedby aniso-surbice.The
mainstepsof thealgorithmarethefollowing:

1. Setathresholdvaluedefininganiso-surfce.

2. Classifyall the cornervoxelscomparinghe densitieswvith theiso-suraiceconstant.
3. Marchthroughall theintersectedells.
4

. Calculateanindex to a look-up table accordingto the classificationof the eightcorner
vertices.

o

Usingtheindex look up thelist of edgedrom a precalculatedable.
6. Calculateintersectiorpointsalongtheedgeausinglinearinterpolation.

7. Calculateunit normalsat eachcubevertex usingcentraldifferenceslinterpolatethe nor-
malsto eachtrianglevertex.

After having aniso-surbicedefinedby a densitythresholdStepl.) all thevoxelsareinves-
tigatedwhetherthey arebelow or above the surface,comparingthe densitieswith the surface
constant.This binaryclassificationStep2.) assignghe valueof oneto thevoxels of densities
higherthanthe thresholdandthe value of zeroto the othervoxels. The algorithm marches
throughall theintersectedtells (Step3.), wherethereareat leasttwo cornervoxels classified
differently. For suchcellsanindex to alook-uptableis calculatedaccordingo theclassification
of thecornervoxels(Step4.) (Figure2.2).
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P, P, calculation of the index:
P =) f(R)<t =>outside (b =0)
N > f(R)>=t =>inside (b =1)
P P.
i > [Jor| be] b ] b 0p| by by)
P P

Figure 2.2: Calculationof theindex to thelook-uptable

The index containseight bits associatedvith the eight cornervoxels of the cubic cell and
their valuesdependon the classificationof the correspondingoxels. This index addressea
look-uptablecontainingall the 256 casesf elementarytriangularmeshegStep5.). Because
of symmetryreasonstherearejust 14 topologicallydistinctcasesamongthesepatternghusin
practicethelook-uptablecontainsl4 entriesinsteadof 256. Figure2.3showvsthetriangulation
of the 14 patterns.

After having thelist of intersectecdgeseadfrom thelook-uptable(Step6.) theintersec-
tion pointsalongtheseedgesare calculatedusinglinearinterpolation. The positionof vertex
V;; alongtheedgeconnectingcornerpoints P; and P; is computedasfollows:

Vig = ((t = f(P)) - B+ (f(F;) — 1) - R))/(f(F;) — f(F)), (2.1)
assuminghat f(P;) < t and f(P;) > t, wheref is the spatialdensityfunctionandt is the
thresholddefiningtheiso-surfce.

Sincethe algorithmgeneratesn orientedsurfacewith a normalvectorat eachvertex po-
sition, the last stepis the calculationof the surfacenormals(Step7.). First of all, the normals
n(z;, y;, 2) atthecubeverticesaredeterminedisingcential differences

(f(@iv1, Y55 20) — f(@ic1, ¥5, 2))
n(zi, yj, 2) = = - | (F(@i, v, 26) — f(@6, 951, 20)) | - (2.2)
(f(xz', Yj, Z/c+1) - f(ﬂiz', Ys, Zk—l))

At anintersectionpoint V;; alongthe edgeconnectinggrid points P, and P; the surface
normalV;; is calculatedusinglinearinterpolationbetweerthe correspondingiormalsdenoted
by N; andN; respectrely:

N —

Nij = ((t = f(P)) - Nj + (f(Py) = 1) - Ni))/(f(F;) = f(P3)): (2.3)
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The continuouggeometricaimodelgeneratedby the marchingcubesalgorithmcanberen-
deredusingthetraditionalcomputergraphicstechniquesThe cornventionalgraphicsaccelera-
tion deviceswhich arebasedn the hardwareimplementatiorof the z-buffering hiddensurface
removal canrendersucha modelin realtime usingPhongshadingand Gouraudinterpolation
[54]. Figure2.4shavstherenderingof the surfacereconstructedrom the CT scanof ahuman
head.Thedensityconstanivassetto thethresholdof thebonein orderto visualizethe surface
of theskull.

Figure 2.4: Thesurfaceof a humanskull reconstructedrom CT datausingthe marching cubes
algorithm(5].

The main disadantageof the marchingcubesalgorithmis the computationallyexpensve
preprocessingEspeciallyhaving high resolutiondatasetsthe numberof the generatedrian-
glescanbe enormous.Sincethe interactvity is stronglyinfluencedby the compleity of the
modelusuallysomepostprocessing performedontheinitial meshin orderto simplify it [51].
Furthermorehetriangularmeshis not uniform becauséheverticesarelocatedon the edgeof
cubiccells,thereforesomemeshrefinements alsorequired.

However, this methodis capableonly for iso-surbcerenderingthusthe internalstructures
of the volume cannotbe visualized. After the preprocessinghe original datavaluesare not
availablearymorethuscuttingplanesarenotsupportedCuttingoperationgreratherimportant
in medicalimagingapplicationswherethe physiciancandefinean arbitrary crosssectionof
the 3D modelandrenderthe slice displayingthe original gray-scaledatavalues.Furthermore,
themodelingof semi-transparertissues whichis themostimportantfeatureof directvolume
rendering is notsupporteceither
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2.1.2 Frequencydomain volumerendering

In this sectionanotherindirect volume renderingapproachs presentedvhich hasbeenpro-
posedfor interactve renderingof simulatedX-ray imageq39][57][37]. Heretheintermediate
representatioms a 3D Fourier transformof the volumewhich is consideredo be a continu-
ousspatialdensityfunctionsampledat regular grid points. Althoughthe calculationof the 3D
Fouriertransformis very time-demandingt hasto be performedonly oncein a preprocessing
step. Afterwards,accordingto the Fourier projection-slicetheoem an arbitraryprojectionof
thevolumecanbegeneratedby arelatvely cheap2D inverseFouriertransformatiorof asingle
slice. Thisinversetransformatiorcanberapidly executedevenon low-endhardware. Thefinal
imagecontainsin eachpixel the densityintegral alongthe correspondingiewing ray, thusit
canbeconsideredo bean X-ray simulation.

This approacHor renderingvolumetricdatasetsis basedon the inverseproblemof tomo-
graphicreconstructio39]. Generallytheaimis to achieve a fastcomputatiorof the density
integral of agiven2D function f(x, y) alongaline I(¢, ). TheFourierprojection-slicaheorem
is givenas:

Py = F(wcos, wsinh), (2.4)
wherePy(w) is the Fouriertransformof
po= [ flalt,w),ylt m)d, (2.5)

and (w, ) definesthe frequeng plane. Thusa slice of the Fourier transformof a given
function f (z, y) atanangled representtheone-dimensiondrouriertransformof its projection
pe(p). Figure2.5illustratesthis relationship.
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Figure 2.5: lllustration of the Fourier projection-slicetheoemin 2D.

In 3D, the Fourier projection-slicetheoremcan be usedfor calculatingthe intensity inte-
gralsof a function f(zx,y, z) ata givenpoint (x, ) ontoan orientedprojectionplanealonga
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perpendicularay t. We gettheintensityi(u, v) in theimageplaneas:

i v) = [ Sl )yt v), 2 1 v))e 2.6)

—o0
The computedntensitydistribution andits parameteren spatialdomainareillustratedin
Figure2.6.

initial volume intensity
function

e

‘ St e, v), (8, ), 2(t, o, v))
iu,v)

Figure 2.6: lllustration of the Fourier projection-slicetheoemin 3D.

The 3D Fouriertransformof the spatialdensityfunction f(x, y, z) is givenby:

F (w1, ws,w3) / / / f(z,y, z)e” Zrlawitywtews) gody (2.7)

Accordingto the Fourier projection-slicetheorem[17] F'(w;, w2, w3) hasto be computed
alongthe slicing planethroughthe origin definedby two vectorsu andwv in orderto obtain
I(u,v).

F(wl(u U) w2(ua U)a w3(u7 U)) = I(U’a U) =
/ / / 37 LY, 2 127r(ww1(u,v)—|—yw2(u,v)+zw3(u,v))dxdydz (28)

TheinverseFFT of theresulting2D function(u, v) leadsto theintensityintegral (eq.2.6),
of abundleof parallelraysperpendiculato the plane(u, v). Thisimageis consideredo bean
X-ray imageof thevolume.Figure2.7 shavs two exampleimagesenderedisingthis volume
renderingtechnique.

The2D inverseFFT canbe calculatedvery fast,thereforehaving the 3D Fouriertransform
of theentirevolumeit canberenderedrom anarbitraryviewing directionachiezing interactve
framerates. Sincethefinal imageis just an X-ray simulationthis techniquas mainly usedin



2.1. INDIRECT VOLUME RENDERING 17

Figure 2.7: Exampleimagesrendeed usingfrequencydomainvolumerendering[57].

medicalimagingapplicationsandnot consideredo be awidely usablegeneralolumerender

ing method. The main dravbackis the lack of depthinformation,sincefor the calculationof

the densityintegralsa distance-dependenteightingfunction or an opacitymanipulationcan-
notbeused.In thenext sectionit will beshowvn thatdirectvolume-renderingnethodsaremuch
moreflexible in this sensesupportinghe modelingof severalopticalphenomenék e emission,
reflection,andattenuation.
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2.2 Directvolumerendering

Direct volume-renderingnethodsdo not requireary intermediaterepresentationn orderto
visualizethe dataset,sinceit is processedlirectly in the renderingpipeline. ThevolumeV :
73 — R is consideredo be a spatialdensityfunction f : R* — R sampledat regular grid
points,wherethedensitysamplesaredefinedas:

Vi = f([zi, 95, 2])- (2.9)

In orderto generateanimageof the volumea viewing ray is castfrom the virtual camera
locationthrougheachpixel (pictureelement)of theimageplane(Figure2.8). Therayscanbe
definedby their parametricequation:

r(t) =x+w-t, (2.10)

wherelocationx is theorigin, vectorw is theunit directionandt is theray parameterEach
viewing ray piercingthe volumecanbe characterizetby a densityprofile p which depend®n
thedensityvaluesalongtheray segmentwhichis intersectedy thevolume:

p(t) = f(r(t) = f(x+w-1). (2.11)

image plane

b viewpoint

Figure 2.8: Illustration of the densityprofile of a viewing ray.

Sincethe volume datais givenasa 3D arrayof samplesthe original continuousdensity
functionis notavailable.In orderto getthevaluep(t) of theray profile atanarbitraryvalueof
parametet a 3D interpolationmethodhasto beused.

Thecolor of apixel depend®n thedensityprofile of the correspondingay andtheapplied
visualizationmodelwhich determineshow to mapthis profile asa one-dimensionalunction
ontoasinglepixel value. Thefollowing subsectiomvervienvs the mostimportantrecentlyused
volume-renderingnodels.
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2.2.1 Differentvisualization models

The simplestvisualizationmodelsdirectly mapthe densityprofile onto pixel intensities. For
instancepnepossibilityis to calculateeachpixel valuel (x, w) asthedensityintegral alongthe
correspondingiewing ray definedby origin x anddirectionw:

I(x,w) = /tf(x—i- w - 1)dt. (2.12)

Thismodelis equivalentwith theFouriervolumerenderingesultingin simulatedX-ray im-
ages.Similarvisualeffectcanbeachiaredapproximatinghedensityintegralsby themaximum
densityvaluealongtheviewing rays:

I(x,w) = max; f(x+w-t). (2.13)

This modelis well known in medicalimagingas maximumintensityprojection(MIP) and
it is mainly usedfor visualizationof blood-vesselstructures Assumingthata trilinear filter is
appliedfor functionreconstructiorthe exactmaximumdensitiescanbe analyticallycalculated
[49]. In practicethe densityprofile is approximatedy a a piecavise constanfunctiontaking
afinite numberof evenly locatedsamplesandthe maximumdensitysamples assignedo the
givenpixel.

The maindravbackof maximumintensityprojectionis the lossof depthinformation. For
example,in amedicalapplicationit might be confusingthata higherdensityblood vesselcan
“hide” otherblood vesselsvhich arecloserto the view-point. In orderto avoid this problem
Satoproposeda techniquecalledlocal maximumintensityprojection(LMIP)[50]. Insteadof
the global maximumalongthe corresponding/iewing ray the first local maximumwhich is
above a predefinedhresholds assignedo eachpixel (Figure2.9).

MIP
LMIP

threshold

ray parameter

Figure 2.9: Local maximurmintensityprojection(LMIP).

In orderto modelphysicalphenomendik e scatteringor attenuatioroptical propertiesare
assignedo thevolumesamplessfunctionsof theirdensityvalues.Eachpixelintensity/ (x, w)
is composedrom the assignegropertiesof the samplesalongthe associatediewing ray ac-
cordingto thewell known light transportequation34][36][15][40]:

I(x,w) = / e~ Jo 7 (5) s, (2.14)

wherex is the origin of the ray, w is the unit directionof the ray, o(¢) is the differential
attenuatioratx +w - t, andI(s) is thedifferentialintensityscatterectx + w - s in thedirection
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—w. In practice,the integral of Equation2.14 is approximatecby a summationof equally
spacedsamples:

-
I= Y ([ e @), (2.15)
0<i<n 0<j<i
Herethe samplespacings assumedo be unity. Thesumin Equation2.15is equivalentto
theintegralin Equation2.14in thelimit asthe samplespacinggoesto zero[41][46].
Introducinga(j) astheaccumulateapacityof ray segment[j, j + 1]:

j+1
a(j)=1- e di o(B)d(t) (2.16)
Equation2.15canbewritten asfollows:

=3 [II - a()IG). (2.17)
0<i<n 0<j<i
Equation2.17canbeevaluatedecursvely runningthrougheachith samplen back-to-front
order:

Tou = a(i) - 1(i) + (1 — (@) - Lin, (2.18)

wherel,, is theintensitybeforethe evaluationof theith sample [ (i) is thescatteringof the
ith sampleand1,,; is theintensityafter having the contritution of theith sampleaddedo the
weightedsum. Theinitial valueof I;, is theambientight. In fact,Equation2.18is the Porter
Duff over operatorusedfor compositingdigital imageg45]. In thefollowing subsectionswo
differentstratgiesarepresentedor approximatinghe light transportequationusingthe over
operator

2.2.2 Image-order methods

Image-ordewvolume-renderingechniquesepresena badkward-mappingscheme.Theimage
is generategixel-by-pixel castingraysfrom the view-point througheachpixel of the image
planerasamplinghe volumealongtheviewing rays.

Early methodscastparallelor perspectie raysfrom the pixelsof theimageplaneanddeter
mineonly thefirst intersectiorpointswith a surfacecontainedn thevolume[59]. Oneof these
methodss binary ray castingaiming at the visualizationof surfacescontainedn binaryvolu-
metric data. Along the viewing raysthe volumeis resampledat evenly locatedsamplepoints
andthe sampledake the valueof the nearesvoxel. Whenthefirst samplewith a valueof one
is foundthe correspondingixel coloris determinedy shadingheintersectegurfacepoint.

Anotheralternatveis discreteray casting[65], wherethecontinuougaysareapproximated
by discrete3D linesgeneratethy a Bresenham-lik algorithm[54] or a3D line scan-cowersion
(voxelization). Accordingto the topology of the scan-cowertedlines threetypesof discrete
pathscan be distinguished:6-connected,18-connectedand 26-connectedwhich are based
uponthethreeadjacenyg relationshipdetweerconsecutie voxelsalongthe path.6-connected
pathscontainalmosttwice asmary voxels as26-connectedaths,so animagecreatedusing
26-connectedathswould requirelesscomputation. Neverthelessa 26-connectedpath may
missanintersectiorthatwould be detectedisinga 6-connectegath.

The closestintersectionpoints are storedfor eachpixel and afterwardsan image-space
depth-gadient shading[6][55] can be performed. Better resultscan be achiezed applying
object-spacshadingtechniquedik e normal-basedontectual shading[25][3]. Normal com-
putationmethoddaseddn surfaceapproximatiortry to fit alinear[2] or abiquadratid61][62]
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functionto the setof pointsthatbelongto the sameiso-surbice. Thesetechniquesake a larger
voxel neighborhoodnto accounto estimatehe surfaceinclination.

Direct volumerenderingof gray-level volumesis not restrictedto surface-shadedisplay
likein thecaseof binarydatasets.Herea compositerojectionof thevolumecanbeperformed
by evaluatingthelight transportequation(Equation2.14)alongtheviewing rays. Composition
requirestwo importantparametersthe color and an opacity at eachsamplelocation. Levoy
[34] proposedan image-ordemlgorithmwhich assigngheseparameterso eachgrid location
in apreprocessingtep.Theopacityandcolorvaluesatanarbitrarysamplepointarecalculated
by first-orderinterpolation.

acquired values

v
data preparation
v
; prepared values :
shading classification
v v
voxel colors voxel opacities
v '
ray tracing / resampling ray tracing / resampling
v
sample colors sample opacities
| » COMpOositing < |
v
image pixels

Figure 2.10: Thedirectvolume-enderingpipeline

Thedirectvolume-renderingipelineis shovn in Figure2.10. Thefirst stepis dataprepara-
tion which mayinclude,for example theinterpolationof additionalslicesto obtainanisotropic
volume. The preparedarrayis the input of the shadingprocesswvherecolorsareassignedo
thevoxelsdependingntheirdensitiesTheassignedolorsareshadedccordingo thePhong
model[54]. The shadingmodelrequiresa normalvectorat eachvoxel location. In gray-level
volumesthe normalscan be obtainedas the estimatedgradientscalculatedfrom the cential
differences

(f($z'+1, Yis Zk) - f(xi—la Yjs Zk))
V(i yja) = 5 - | (f(@i Y, z) = f(@i, -1, 2) | (2.19)
(f(%', Yijs Zk+1) - f($z', Yj, Zk—1))

wheref (z;, y;, z) is thediscrete3D densityfunction. The outputof the shadingorocesss
an arrayof voxel colors. In a separatestep,classifications performedyielding an additional
arrayof voxel opacities After having the color andopacityvaluesassignedo eachvoxel, rays
arecastfrom the view-pointthrougheachpixel of theimageplaneresamplinghevolumeata
finite numberof evenlylocatedsamplepoints. Thecolorandopacityvaluesatanarbitrarysam-
ple point arecalculatedby trilinearly interpolatingthe colorsandopacitiesat the eight closest
voxels(Figure2.11). Thefinal stepis the compositionof theray samplesisingthe PorterDuff
over operatorfor approximatesvaluationof thelight transportequation(Equation2.14).

N | =
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Figure 2.11: Resamplingisingtrilinear interpolation.

Compositeray castingis a flexible approacHhor visualizing several semi-transparergur
facescontainedin the dataand produceshigh quality images(Figure 2.12). However, the
alpha-blendingevaluationof viewing raysis computationallyexpensve, especiallywhen su-
persamplingis performedrilinearly interpolatingeachsinglesample . Therefore severaltech-
niqueshave beenproposedor acceleratingay castingusuallyexploiting data,image or frame-
to-framecoherenceChapter3 givesanoverview of theseaccelerationomethods.

Figure 2.12: A CT scanof a humanheadrendeed usingcompositaay casting[31].
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2.2.3 Object-order methods

Object-ordenvolume-renderingechniquespply a forward-mappingschemeHerethevolume
is projectedvoxel-by-voxel ontotheimageplane. Thefirst object-ordemethodssimilarly to
the early image-ordemethods,aimedat the renderingof binary volumes. Processingeach
sample,only the voxels with value of one are projectedonto the screen. The samplesare
projectedin badk-to-front orderto ensurecorrectvisibility. If two voxels are projectedonto
the samepixel, the first processedoxel mustbe fartheraway from theimageplane. This can
beaccomplishedby traversingthe dataplane-by-planeandrow-by-row insideeachplane.For
arbitraryorientationsof the datain relationto theimageplane,someaxesmay betraversedn
anincreasingrder while othersmaybeconsideredh adecreasingrder Theorderedraversal
canbeimplementedvith threenestedoopsindexing z-, y-, andz-directionsrespectrely. Such
an implementationsupportsaxis-parallelclipping planes. In this case,the traversalcan be
limited to a smallerrectangularegion by simply modifying the boundsof thetraversal.

Thedepthimageof thevolumecanbeeasilygeneratedWheneer avoxel is projectedonto
apixel, the pixel valueis overwrittenby the distanceof the givenvoxel from theimageplane.
Similarly to the earlyimage-basednethodshe distanceamagecanbe passedo a simple2D
discreteshader

More sophisticateabject-ordemethoddik e splattingproposediy Westwer [63] arenot
restrictedto the renderingof binary volumes. Accordingto his approacha gray-scalevolume
is treatedasa 3D discretedensityfunction. Similarly to the ray-castingnethoda corvolution
kerneldefineshow to reconstructa continuoudunctionfrom the densitysamples.in contrast,
insteadof consideringhow multiple samplescontributeto a samplepoint, it is consideredow
asamplecancontributeto mary otherpointsin space For eachdatasamples = (z, ys, 25), @
functionC' definests contrikutionto every point (z, y, z) in thespace:

C(xayaz) :h(x_$57y_y572_zs)'f(s)’ (2.20)

where f(s) is the densityof samples. The contritution of a samples to animageplane
pixel (z, y) canbecomputeddy anintegration:

Cla,y) = £() [ hla =0y = o u)du, 2:21)

wherethew coordinateaxisis parallelto theviewing ray. Sincethisintegralis independent
of the sampledensity anddepend®nly onits (x, y) projectedocation,a footprint function ¥’
canbedefinedasfollows:

Pla.y) = [ h(o = a0y~ g u)du, 222

where(z, y) is thedisplacementf animagesamplefrom the centerof the samplesimage
planeprojection.Thefootprintkernel F' is aweightingfunctionwhich definesthe contrikution
of asampleto the affectedpixels. A footprinttablecanbe generatedby evaluatingtheintegral
in Equation2.220on a grid with a resolutionmuchhigherthantheimageplaneresolution.All
thetablevalueslying outsideof the footprinttableextenthave zeroweightandthereforeneed
not be consideredvhengeneratinganimage. A footprint tablefor datasamples is centered
ontheprojectedmageplanelocationof s, andsampledn orderto determingheweightof the
contribution of s to eachpixel ontheimageplane.

Computinga footprint table canbe difficult dueto the integrationrequired. Althoughdis-
creteintegrationmethodscanbe appliedto approximatehe continuousntegral, generatinga
footprinttableis still a costlyoperation.However, in caseof orthographigrojection thefoot-
print table of eachsampleis the sameexceptfor animageplaneoffset. Therefore,only one
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footprinttableneedgo be calculatedoerview. Sincethis would requiretoo muchcomputation
time anyway, only one genericfootprint tableis built for the kernel. For eachview, a view-

transformedootprint tableis createdfrom the genericfootprint table. The genericfootprint
tablecanbe precomputedthereforet doesnot matterhow long the computatiortakes. Gener

ationof a view-transformedootprint tablefrom a genericfootprint tableis describedn detalil

in [63].

Therearethreemodifiableparametersf the splattingalgorithmwhich canstronglyaffect
the imagequality. First, the size of the footprint table canbe varied. Small footprint tables
produceblocky images,while large footprint tablesmay smoothout detailsandrequiremore
space.Seconddifferentsamplingmethodscanbe usedwhengeneratinghe view-transformed
footprint table from the genericfootprint table. Using a nearest-neighboapproachis fast,
but may producealiasingartifacts. On the otherhand,using bilinear interpolationproduces
smoothelimagesat the expenseof longerrenderingtimes. The third parametewhich canbe
modifiedis thereconstructiofiilter itself. Thechoiceof, for example aconefunction,Gaussian
function,Sincfunctionor bilinearfunctionaffectsthefinal image.

Alpha-blendingcompositionis alsosupportedoy the splattingalgorithm. The voxel con-
tributions of slicesmostly perpendiculato the viewing directionare evaluatedon associated
sheetgparallelto the imageplane. After having eachsheetgeneratedmage compositionis
performedapplyingthe PorterDuff over operator

Using the splattingalgorithm approximatelythe sameimage quality can be achiared as
applyingacompositegay casting.Theadwantage®f splattingoverray castingarethefollowing.
First, the cachecohereng canbe exploited sincethe voxels are sequentiallytraversedin the
sameorderasthey arestoredin memory In contrastyay castingrequiressandomaccesso the
voxels. Furthermorethe splattingapproacksupportancrementatenderingn back-to-frontor
front-to-backorder Usingsplattingsmoothsurfacescanberenderedvithout staircaseartifacts,
unlike in the caseof ray casting. The maindravbackof splattingis thatthe generatedmages
areblurredbecausef the sphericallysymmetricreconstructiorkernel. In contrastusingray
castingwith trilinear reconstructiorsharpobjectboundariesreobtained.



Chapter 3

Accelerationtechniques

This chapteroverviews the stateof the art of fastdirect volume-renderinglgorithms. Since
this thesisconcentrate®n software-onlyoptimizationtechniqueghe recenthardware accel-
erationtools are not discussed.The fastimage-ordeland object-ordermethodsare presented
in Section3.1 and Section3.2 respectrely. It will be shavn that the advantageougproper
ties of thesetwo differentapproachesre complementary Therefore,hybrid methodswhich
combineimage-ordeandobject-ordeitechniquesave beenproposedy severalauthors(see
Section3.3). Oneof themis a two-passay-castingandback-projectioralgorithmwhich ex-
ploitstheframe-to-frameohereng. Anotheroneis theclassicaEheaswarpalgorithm,whichis
basednrun-lengthencodingof volumeandimagescan-linegxploiting thevolumeandimage
coherenyg respectrely. Our goalis to improve the well known generalacceleratiormethods
usingapplicationorientedoptimization.In Chapte# it will beshavn thatapplyingappropriate
algorithmsinteractve directvolumerenderings possibleevenon low-endmachinesf the vi-
sualizationproceduras restrictedto a certainpurpose]ik e fastdisplayof shadedso-surfices
or fastmaximumintensityprojection.

25
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3.1 Fastimage-ordertechniques

3.1.1 Hierarchical data structures

Early methodq15][33][53] usehierarchicaldatastructuredik e octreesK-d trees,or pyramids
to efficiently encodethe emptyregionsin a volume. Suchdatastructuresare widely usedin
computegraphicdor acceleratingraditionalalgorithmsJik eraytracing. Theideais to quickly
find thefirst intersectiorpoint for anarbitraryray without evaluatingthe intersectionsvith all
the objects.Raytracingin continuousanalyticallydefinedscenesequiresa hierarchicaktruc-
turewith arbitrarily fine resolution.In contrastjn volumerenderinghe discreterepresentation
of thescenecanbeexploited. For example,apointerlessompleteoctreecanberepresentelly
apyramid[64][35].

Without lossof generality let usassumehatthe resolutionof thevolumeis N x N x N,
whereN = 2™ 41 for someinteger M. A pyramidis definedasasetof M + 1 volumes.These
volumesareindexedby alevel numberm = 0, ..., M, andthevolumeatlevel m is denotedoy
Vin- VolumeV; measuresV — 1 cellsonaside,volumeV; measuregN — 1)/2 cellsonaside
andsoonupto thevolumeV,, whichis asinglecell.

Levoy [35] applieda binary pyramid in orderto quickly traversethe emptyregionsin a
volume.A cell of V; representtherectangularegionsbetweereightneighboringvoxelsin the
originaldata.Thevalueof acellin V; is zeroif all of its eightcornervoxelshave opacityequal
to zero,otherwiseits valueis one. At higherlevelsof the pyramid zerois assignedo a cell if
all thecornercellsat onelevel lower have valueof zero.

For eachray, first the pointwherethe ray entersa singlecell atthe top level is calculated.
Afterwardsthe pyramidis traversedin the following manner Wheneer aray entersa cell its
valueis checled. If it containszerothe ray advancesto the next cell at the samelevel. If
the parentof the next cell differs from the parentof the previous one thenthe parentcell is
investigatedandtheray is tracedfurtherat onelevel higher If the parentcell is emptythenit
canbeskippedandtheiterationcontinuesuntil anon-emptycell is found. In this casemoving
down in the hierarchicaktructurethefirst elementarcell is determinedvhich hasatleastone
opaquecornervoxel. In suchanelementarycell samplesaretaken at evenly spacedocations
alongtherayandcompositings performed.Usingsuchahierarchicataytraversallargerempty
regionscanbe easily skipped. Sincethe non-emptycellsin the binary pyramid representhe
regions,whereopaquevoxelsarepresenthealgorithmis calledpresence-accelation.

DenskinandHanrahar{15] improvedthis algorithmusingpyramidsnot only for skipping
the empty ray segmentsbut for approximateavaluationof homogeneousegions. Therefore,
their techniqueis called homaeneityacceleation. Insteadof usinga binary pyramid they
constructa so called range pyramid which containsthe maximumand minimum valuesof
subvolumesat onelevel lower. If the maximumandminimum valuesof a cell arenearlythe
samethenit is consideredhomogeneouandanapproximatesvaluationis performed.

3.1.2 Early ray termination

Associatingan accumulatedpacity to eachpixel of the imageplaneray castingcanbe per
formedevaluatingthe raysin front-to-ba& order In caseof badk-to-frontcompositionall the
samplesalongthe ray have to be takeninto account. This computationis usually redundant
sinceseveralsamplesanbe occludedby aray segmentwhich is closerto the viewer andhas
accumulateapacityof one. Therefore thesesamplesdo not contritute to theimage. In con-
trast, using front-to-backcomposition the rays can terminatewhenthe accumulatedpacity
exceedsa predefinedhreshold35]. Thistechniquds well known asearly ray terminationor
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«-accelention.

Thisacceleratiomethodntroduces systematibiasin theimagebecausef thepredefined
threshold.In orderto avoid this, atechniquecalledRussiarRoulettecanbe usedfor unbiased
estimationof pixel valueg[15].

RussianRoulettewas developedfor Monte-Carloparticle-tracingmethods[54] to avoid
simulatingparticleswith low weights,but still without biasingtheresults.Similarly, it canbe
usedto cut down on the averagepenetratiorof raysinto the volume. Herearay is assumedo
be a particle. Taking a sampledefinedby the distancet from the origin of the ray, the parti-
cle tracingendsbeforereachingthe distancet + 1 with probability p(¢) which is equalto the
opacitya(t). Thereforethe probability of the ray terminationis the accumulate@pacity One
possibilityis to assignthe valueof I(¢) to the correspondingpixel whenthe ray terminatesat
distancef. This would leadto a high varianceof pixel values.Instead the raysareevaluated
usingthe PorterDuff over operatorandthey terminatewith a probability equalto theaccumu-
latedopacity Using this RussianRouletteapproachnsteadof a predefinedhresholdfor ray
terminationan unbiasedstimationof pixel valuesis ensured.

3.1.3 Distancetransformation

The maindravbackof acceleratiotechniquesasedon hierarchicaldatastructuress the ad-
ditional computationatostrequiredfor the traversalof cellslocatedat differentlevels of the
hierarchy Furthermoretherectangulacellsonly roughlyapproximatehe emptyregions.

Cohenproposeda techniquecalled proximity cloudsfor fast3D grid traversal. Here the
geometrianformationrequiredfor emptyspaceskippingis availablewith thesamandicesused
for theoriginalvolumedata[7]. Thedatastructures asimple3D distancenapgeneratedrom
binary volumes. The input binary volume encodeghe transparenand opaquecells similarly
to Levoy’s approach35]. In thedistancevolumeeachcell containsthe distanceo the nearest
non-emptycell. The distancebetweentwo cellsis representedby the Euclideandistanceof
their centerpoints.

Ray castingis performedapplying two differentcell traversalstratgies. The algorithm
switcheshetweerthesetwo stratgiesdependingn the distancenformationstoredin the cur
rent cell. Using fixed-pointarithmeticand integer division it is easyto find the cell which
containsthe currentray sample. If the currentsampleis in the vicinity of an objecta simple
incrementalay traversalis performed.If thisis notthe casethedistancevalued storedin the
currentcell is usedfor fastskippingof emptyregions. Thenew samplds determinedy adding
theunit directionof the givenray multiplied by d — 1 to the currentsamplelocation. Thedis-
tancefrom the nearesbbjecthasbeencalculatedrom the centerof the currentcell, therefore
usinga steppingdistancel — 1, skippingbeyondthefree-zonecanbe avoided.

Distancemapscan be generatedasedon several distancemetrics, like City-Block, Eu-
clidean,or Chessboardistance.Approximatedistancemapsare usually calculatedapplying
the efficient Chamferingmethod.The basicideais to usea maskof local distancesandpropa-
gatethesedistance®verthevolume.Thegeneratiorof amoreaccuratalistancenaprequiresa
largermask,thereforethe preprocessingmeis longer Ontheotherhand,lesssampledhaveto
betakenin the ray-castingorocessvhenmoreexactdistanceinformationis available. There-
fore, the applieddistancemetric is a compromisebetweenthe preprocessingnd rendering
times.
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3.2 Fastobject-order techniques

3.2.1 Hierarchical splatting

Object-ordenvolumerenderingypically loopsthroughthe data,calculatingthe contritution of
eachvolumesampleto pixelsontheimageplane.Thisis a costlyoperatiorfor high resolution
(e.g. 512%) datasets. One possibility is to apply progressiverefinement For the purposeof
interaction first a lower quality imageis rendered.This initial imageis progressiely refined
whenafixedviewing directionhasbeenselected.

For binarydatasets bits canbe pacledinto bytessuchthateachbyterepresenta 2 x 2 x 2
portionof thedata[59]. Thevolumeis processedit by bit to generatehefull resolutionmage
but lower resolutionimagescan be producedprocessinghe volume byte-by-byte. A byteis
consideredo representan elementof an objectif it containsmore thanfour non-zerobits,
otherwisdt representthe backgroundUsingthistechniqueanimagewith one-halfthelinear
resolutionis producedn approximatelyone-eighthetime.

A moregeneraimethodfor decreasinglataresolutionis to build a pyramid datastructure,
which for on original datasetof N® samplesgconsistof a sequenc®f log(N) volumes.The
first volumeis the original dataset, while the secondvolume of one-eighththe resolutionis
creatediy averagingeach2 x 2 x 2 groupof samplef theoriginal dataset. The higherlevels
of thevolumepyramidarecreatedrom thelower levelsin asimilarway until log(/N) volumes
have beencreated.An efficientimplementatiorof the splattingalgorithm,calledhierarchical
splatting[33] usessucha pyramid datastructure.Accordingto the desiredmagequality, this
algorithm scansthe appropriatdevel of the pyramid in a back-to-frontorder Eachelement
is splattedonto the imageplaneusingthe appropriatesizedsplat. The splatsthemselesare
approximatedy polygonswhich canberenderedy corventionalgraphicshardware.

3.2.2 Extraction of surfacepoints

Although thereare sereral optimizationtechniquedasedon empty spaceleapingor approx-
imate evaluationof homogeneousegions, becauseof the computationallyexpensve alpha-
blendingcompositingherenderings still time-demanding.

Onealternatve to alpha-blendingzolumevisualizationis the extractionof relevantvoxels
andthe optimizationof the renderingprocesdor sparsedatasets. Following theseapproach
interactve applicationscanbe developedwhich supportflexible manipulationof the extracted
voxels. In medicalimagingsystemsfor example,the cutting operationsareratherimportant,
wherea shadedso-suriiceandan arbitrary cross-sectionalice canbe renderedat the same
time.

Sobierajski[52 proposeda fastdisplay methodfor direct renderingof boundarysurfaces.
Fromthevolumedataonly thoseboundarywoxelsareextractedwhich arevisible from acertain
setof viewing directions.In mary caseghe six orthographicviews aresufficientto obtainan
approximatesetof all the potentially visible boundaryvoxels. Betterapproximationcanbe
achiezedincreasinghe numberof directions.

Taking only the six orthographicviews into accountthe visibility calculationscanbe per
formedefficiently usinga 2D boundarytracingalgorithmon the slicesperpendiculato each
coordinateaxis. The outputof the surface-atractionalgorithmis a list of boundaryvoxelsin
whichduplicateelementsareremoved. Thegeneratedist storesor eachvoxel all theattributes
which arenecessaryor therenderingorocesslik e the coordinate®r the normalvector

Thesetof surfacepointsis passedo therenderingengine.Sinceadjacentoxelsaremapped
ontonot necessarihadjacenpixels,holescanappeain the producedmage.In orderto avoid
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this problemonevoxel is projectedonto several pixels dependinguponthe viewing direction.
Sincetherenderingspeeds directly relatedto thelengthof thevoxel list, for aspecificviewing
directionthe numberof voxelsto be projectedcanbe reducedby voxelculling. Thisis similar
to back-faceculling in polygonrendering54]. If thedot productof the surfacenormalandthe
viewing directionis positive thegivenvoxel belongso a backface thereforeit is notrendered.

Sincethe presentedilgorithmfollows a direct volumerenderingapproachgcutting planes
canbeeasilyimplementedThe projectedboundarysurfacepointsareshadedaccordingo the
lighting conditionsandthe voxels intersectedy the cutting planearerenderedoy projecting
their original densityvaluesontotheimageplane.

A fastpreviewing algorithmproposedy Saito[47 is alsobasedntheextractionof bound-
ary voxels. Similarly to the previous methoda setof surfacepointsis storedin a list andit
is passedo the renderingengine.In contrastjn orderto increaseherenderingspeedpnly a
subsebf the boundaryoxels areextractedaccordingo a uniform distribution. The extracted
surfacesamplesare cornvertedto geometricalprimitiveslike cross-linegperpendiculato the
surfacenormalandprojectedontotheimageplane.
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3.3 Hybrid accelerationmethods

3.3.1 Shearwarp factorization

Sincethe advantagesf image-orderand object-ordertechniquesare complementargsereral

authorsproposechybrid methodswvhich combinethesetwo differentapproachesOneof them

is the classicalsheatwarp algorithmpublishedby LacrouteandLevoy [31]. This algorithmis

basedon the factorizationof the viewing transformation/,;.,, into a 3D sheartransformation
Mpeqor anda 2D warptransformationV/,,,,, (Figure3.1):

Mview = Mwarp : Mshear

ANEANEANEAN Mshear
\ =

NN

\

intermediate image

Mwarp
final image

parallel projection shear-warp projection

Figure 3.1: Shearwarp factorizationof the viewing transformation.

An intermediatamageis generatedn the shearedspaceprocessinghe volumein object
ordersupportingefficientcaching.Sincetheintermediatemageis parallelto thevolumeslices
it is easyto implementafastparallelprojection.Compositings performedntheshearedlices
in front-to-backorderusingthe PorterDuff over operator The final imageis producedrom
theintermediatemagetransformingt by arelatively cheap2D warpoperation.

In orderto improve efficiengy, the algorithmpreprocessethe volume exploiting that the
voxel scanlinesn the shearedrolumearealignedwith pixel scanlinesn the intermediatam-
age. It meanghatthe volumeandimagedatacanboth betraversedin scanlineorder Taking
adwantagesf coherencen the volume,the scanlinesarerun-lengthencodedn orderto skip
runs of transparentoxels. Thereforethe encodedscanlinesconsistof transparenand non-
transparentuns. The coherencen theimagecanalsobe exploited. For eachpixel a pointerto
thefirst non-opaqu@ixel in thesamescanlings stored.An imagepixel is definedto beopaque
if its accumulatedpacity exceedsa userspecifiedthreshold. The offsetsassociatedvith the
imagepixelsareusedto skip runsof opaquepixels without examiningeachsinglepixel. The
pixel arrayandthe offsetsrepresent run-lengthencodingof the intermediatamagewhich is
computedon-the-flyduringthe rendering.Using simultaneouslyhe run-lengthencodedsoxel
andimagescanlineghetransparenandoccludedvoxelscanbe preciselyskipped.
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3.3.2 Incrementalvolumerotation

As it waspreviouslydiscussedheclassicakheatwarpalgorithmexploits bothvolumeandim-
agecohereny. In this subsectioradirectsurfacerenderingechniqueproposedy Gudmunds-
sonandRanden [23] is presented.This algorithmis basedon the frame-to-framecohereny.
Theideais to performa bruteforcefirst hit ray castingdetectingthe first surfacepointsinter-
sectedby the viewing rays. Of course the generatiorof this first frameis ratherslow but the
furtherframesarecalculatedncrementallyfrom the previous onesproviding interactve frame
rates.

The surfacepointsareaddeduo alist storingall relevantattributes lik e the coordinatesthe
estimatechormal, or the assignedolor which arenecessaryor the rendering.Wheneer the
viewing directionis changedeachsurfacepointin thelist is rotatedandprojectedbackontothe
imageplanetakinginto accounthepossibleocclusionsThosesurfacepointswhicharehidden
by anotheroneareremaovedfrom thelist. If the viewing directionis just slightly changedhe
numberof pixelswhich arenot coveredby ary projectedsurfacepointsis relatively small. In
ordertofill thesé'holes”in theimagebruteforceray castings performedor thecorresponding
raysandnew surfacepointsaredetectecandaddedto thelist. Thereforeafterhaving aframe
generatedhe numberof surfacepointsstoredin thelist is at mostthe numberof pixels. Thus
the computatiorcostis proportionalto theimagesizeratherthanto thevolumesize.

The main stepsof the algorithmwhich are executedfor eachprojectionin therotationse-
guencearethefollowing:

. Rotateall the surfacepointsin thelist usinga geometridransformation.

. Projectall thetransformedointsontotheimageplane.

1

2

3. Remare thosepointsfrom thelist thathave becomehidden.

4. Detectnew surfacepointsby selectve ray castingandinsertthemto thelist.
5

. Calculatethe pixel valuesby resamplingandshadinghe projectedsurfacepoints.

Note that, the back-projectedurfacesamplesarenot uniformly distributed. Therefore re-
samplingn imagespacas necessarin Step5. For example to eachpixel thenearesprojected
samplecanbeassignedIn orderto reducethe numberof rayswhich needto be castin Step4.
onesurfacepoint canbe projectedonto severalpixelssimilarly to the splattingalgorithm. This
improvements easyto implementn caseof orthographianappingusingprojectiontemplates.

Yageland Shi [67] improvedthis incrementakotationtechniqueusinga hierarchicaldata
structurefor fastspace-leaping theray castingstep.



Chapter 4

Interacti ve volume rendering

In this chapterthe main contribution of this dissertations presentedNew interactve volume-
visualizationalgorithmsareproposedor traditionalalpha-blendingendering surfaceshaded
display maximumintensityprojection(MIP), andfastpreviewing.

In Sectiond4.1atechniquecalledbinary sheartransformations describedlt is considered
to bea generalcceleratiortool, which canbe appliedfor volumerenderingmethodsasedn
differentvisualizationrmodels.Sectiord.1andSectiord.2 presentts adaptation$or fastalpha-
blendingray castingandmaximumintensityprojectionrespectrely. Thesealgorithmsexploit
the datacoherenceandredundang of ray casting,sincesomesegmentsof the viewing rays
usuallydo not contritute to the final image.Usingthe presentediatastructuretransformedy
abinaryshearmperationtheseemptysegmentscanbe easilyskippedsignificantlyaccelerating
therenderingprocess.

Sectiord.3describesnothempproactwhichis rathersurfaceoriented.Hereaniso-surfice
is rendereckfficiently after having the volumepreprocessedn orderto reducethe numberof
voxels to be projectedonto the imageplane,only the potentially visible voxels are extracted
from thevolume. The presentedechniquealsosupportanteractve cut operationsy arbitrary
cuttingplaneswhichis importantin medicalapplications.

Sincethefastsurface-renderingechniquepresentedn Section4.3 doesnot supportsuper
samplingstaircaseartifactscanappearin the generatedmages. In orderto compensatehis
drawvback,in Section4.4 a new gradientestimationschemebasedon 4D linear regressionis
describedvhich providesa smoothgradientfunction.

Section4.5 presentsa fully interactve directvolumerenderingtechnique.lt is basedon a
simplifiedvisualizationmodelcalledbubblemodel Theiso-suracesarerenderedasthin semi-
transparentnembranesimilarly to blown soapbubbles. In the renderingprocedurehe data
reductionis exploited, thereforehigh frame-ratex<anbe achieved without hardware accelera-
tion.

32
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4.1 Fastvolumerenderingusingbinary shear
transformation

This sectionpresents fastvolumerenderingalgorithmbasedon anincrementalotationtech-

nique[9][10][14]. In orderto preciselyskip the emptyregionsalongtheraysto be evaluateda

binaryvolumeis generatedhdicatingthelocationsof thetransparentells. Thismaskis rotated
by anincrementabinary sheartransformationgxecutingbitwise booleanoperationon inte-

gersstoringthe bits of the binaryvolume. Theray castingis acceleratedsingthetransformed
maskandan appropriatdookup-tabletechniquefor finding thefirst non-transparertell along

eachray.

4.1.1 Intr oduction

Our primarygoalis to developa fastvolumerenderingalgorithmwhich canbe usedin interac-
tiveapplicationsThemainideais to renderthefirst hit iso-suraicewith highframeratesduring
therotation. After having anappropriateviewing directionselectedthefinalimageis rendered
accordingo a predefinedransferfunction. In orderto acceleratalsothe alpha-blendingval-
uationof viewing raysthe samedatastructures usedasfor thefastrotation.

Early methodq15][33][53] usehierarchicaldatastructuredik e pyramids,octreesor K-d
treesto quickly traversethe transparentegionsdecreasinghe numberof sampledo be eval-
uated. Hierarchicaldatastructuresare usedin homogeneityacceleratiortechniquesas well
[15][21], which apply a simplified approximatesvaluationfor the homogeneousegions. Al-
thoughthesemethodsspeedup theray-castingorocessherenderingimesarefar frominterac-
tivity. Thisis dueto thesignificantoverheadequiredor handlingthehierarchicablatastructure
itself. For instancejn caseof anoctreestructure for eachray the entry andexit intersection
pointswith rectangulacellshave to becalculated.

Recentalgorithmslik e distancetransformatiorbasednethodq7][68] or Lacroutes shear
warp algorithm[31] concentrat®n a morepreciseskippingof emptyray segmentsinsteadof
approximateavaluationof homogeneousegions. Themainadwantageof theseechniquesver
hierarchicalmethodsis the appliedencodingscheme sincethe information aboutthe empty
cellsis availablewith the sameindicesasusedfor the volumedata. However, thesemethods
cannotbe appliedin interactve applicationseither The 3D distancemapdoesnot provide the
exactdistanceof thenearessurfacepointhit by agivenray. Thereforeseveralsamplediave to
be calculateduntil the surfaceis reached.Lacroutes algorithmevaluateghe entirerun-length
encoded/olumerepresentatiosvenif only thefirst hit iso-surficeis requiredto be displayed.

In contrastour methodcanrenderthefirst hit iso-surficeinteractvely usinga specialdata
structureandit significantlyspeedsipthealpha-blendingvaluationaswell. Firstaspeciakcase
is describedwheretheviewing directionis axisparallelandthe segmentatiomrmaskis storedin
averysimpledatastructuresupportingheray castingaccelerationAfterwardsit is shovn how
to extendthe algorithmto arbitraryviewing directionstransformingthe segmentatiormaskby
anefficientbinaryshearoperation.

4.1.2 Definition of the segmentationmask

Theinput dataof a directvolumerenderingpipelineis a spatialdensityfunction f : R* — R
sampledat regulargrid points,yieldingavolumeV : Z3 — R of sizeX x Y x Z, where

Vijik = F(@i, yj, 2k)- (4.1)
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In the classificatiorprocessaccordingo the densityvaluesdifferentattributeslik e opacity
or color areassignedo eachvoxel. The opacityfunctionmapsthe volumeV ontoa classified
volume C of the samesize, whereC.av : Z3 — [0,1] andC.color : Z3 — [0,1]® define
the opacity and color fields respectiely. In orderto handlethe empty cells efficiently mary
acceleratioralgorithmscreatea binaryvolumeassigningzeroto the transparenandoneto the
non-transparerntells. A cell is consideredransparenif all of its eightcornervoxelshave zero
opacities.In our methodthe definitionof a cell depend®n the principaldirectionof the view-
point. Without lossof generality it is assumedhat the principal componenbf the viewing
directionis its z-coordinate.In this casethe proposedalgorithmresampleshe volumeonly
in planesz = z;, wherek = 0,1,2,... Z-1. Thedensitysamplen theseplanesarecomputed
from the densitiesof the four closestvoxels using bilinear interpolation. The opacity of the
sampleis non-zeroif at leastone of the four cornervoxelsis opaque thusa binary volume
B : 73 — {0,1} of size(X-1) x (Y-1) x Zis definedin thefollowing way:

1if C.Oli,j,k >0or
C.ai+1,j,k > (0 or
B = C.ojji1, > 0o0r (4.2)
C.it1,j41,6 > 0
0 otherwise.

4.1.3 Ray casting

Thebinaryvolume B canbe storedin anintegerarray whereanintegerrepresents sggment
of abit row parallelto the z-axis (in thefurtherdiscussionthis arrayis referredto asmash. In
thespecialcasewhentheviewing directionis parallelto the z-axisthevolumecanberendered
very efficiently by parallelray casting,sincethe problemof finding the first non-transparent
cell hit by aray canbereducedo the problemof finding thefirst non-zerdbit insideaninteger.
Assumethat,oneintegerstores32 bit long segmentsof bit rows parallelto the z-axis. In order
to determinethe positionof the first non-zerobit insidea segment(representinghe first non-
emptycell hit by the correspondingiewing ray) the following binary searchalgorithmcanbe
used:

int  Depth(int segment) {
int e, pos = 0, threshold;

fore = 16; e > 0; e /= 2) {
threshold = pow(2, pos + e);
if(segment >= threshold) pos += e€;

}

return 31 - pos;

Functionpowresultingin the discretepower 2P°5*¢ is just a symbolicsubroutinecall, since
theseconstantanbe storedin a lookuptable. Of course the optimal solutionwould be the
direct addressingf a lookup table with the segmentvalue which storesthe position of the
first non-zerobit for all possiblecombinations.It would requirethe allocationof an array of
size2%? bytes. Insteadof this, the first non-zerobyte canbe found by binary searchandthe
offset positioninsidethis byteis readfrom alookuptable. Figure4.1 shovs how to usesuch
alookuptable. Note that, the lookup tablecontainsonly 256 entries. Assumingthatthe most
significantbit is thenearesbneto theviewer thefollowing routineprovidesthe positionof the
first non-zerabit, wherethe sizeof anintegeris supposedo be 32 bits:
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int  Depth(int segment) {
if(segment < 0x00010000) {
if(segment < 0x00000100) return 24 + lut[segment];
else return 16 + lut[segment >> 8],
} else {
if(segment < 0x01000000) return 8 + lut[segment >> 16];
else return lut[segment >> 24,

0 8 10 16
[0[oJofofoJofofoJofof1]o]a]a]ofa]
N )
0 byte offset EI 2
<8 O LUT
@ \—'._/bitoffsel z | 45
255 """"""""

Figure 4.1: Anexamplefor a LUT entry.

Usuallyoneintegeris notenoughfor storinga completerow of the binaryvolume B, thus
thesggmentsf therowsstoredn integershaveto bechecledsequentiallyandtheroutineDepth
is calledonly for thefirst non-zeranteger. Thereforethecompletéray-tracing”procedurean
beimplementedasfollows:

int  Trace(int X, int y) {
int z 0, segment;
Z_max (z + 31) [/ 32
for(z 0; z < z max; z++)
if(segment mask([z][y][X])
return 32 + Depth(segment);
return Z - 1

N
|

Having thefirstintersectiorpoint determinedor eachray thex, y projectionof the volume
canberenderedlirectly by depthcueing.The greatesadvantageof depth-cueingenderings,
thatit is not necessaryo storethe original volumein the mainmemory Therefore,t canbe
appliedin fastpreviewerapplications Furthermorein orderto displaytheshadedoundaryiso-
surfacea very simple2D image-baseghadingcanalsobe usedwithout performinga shading
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Figure 4.2: Distanceimage (a) anddepth-gadientshading(b) of a humanskull.

procedurefor the entirevolume. Figure4.2 shavs the distanceimage(a) anddepth-gradient
shading(b) of ahumanskull.

Depth-gadientshading[6][55] approximateshe gradientfrom the z-buffer calculatingthe
differencedetweerthedepthsof thegivenandtheneighboringixels. Thisapproactproduces
sharpcontourswherein the neighboringpixelsdifferentobjectsarevisible or wherethereis a
drasticjump betweerthe depthvalues.In orderto avoid this artifact context sensitivenormal
estimatior{66] canbeusedwhichtakesalsotheseobjectandslopediscontinuitiesnto account.

In orderto achieve higherimagequality the original volumeis shadedn a preprocessing
step. The shadedcolorsarecomputedor eachvoxel accordingto the view independenLam-
bertianshadingmodel:

y Vf(xu Yj, Zk) L
|Vf(xwy]azk)‘ ’
where L is the directionof the light source,C.color; j ; is the own color of the voxel at the

position (z;, y;, zx) and V f(z;, y;, z¢) is the estimatedgradientvector which is the surface
normalin the givenvoxel location:

C.shadedcolor; ;i = C.color; (4.3)

1 (f(xi+la Y, Zk) - f(xifla Yj, Zk))
Vi@ ysz) = 5| (f(@iyien 20) = f2i,y-02)) |- (4.4)
(f (@i, v, 2641) — f(@6, Y55 28-1))

The previously presentedookup-tabletechniquesupportsalsothe alpha-blendingvalua-
tion of viewing rays. Usingthe binary rows representinghe non-transparentellsalonga ray,
the emptyregionscanbe preciselyskippedduring the ray castingprocess.The following al-
gorithm doesnot evaluatethe fully transparentells, sincethe routine Depthjumpsinto the
positionof the next cell which hasatleastoneopaquecornervoxel.
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rgb AlphaBlending(i nt x, int y) {

int z, i, segment;

rgb color = BLACK;

voxel v;

double trans = 1.0; // accumulated transparency
int imax = (Z + 31) / 32

for(i =0 i <imax; i++) {

segment = mask][i][y][x]) ;
while(segment) {
z = Depth(segment); v = volume[32 * i + Zz][y][x];
trans *= 1.0 - v.opacity; if(trans < threshold) return  color;
color += v.color * v.opacity * trans;
segment &= "(0x80000000 >> z); // deletes the processed bit

}
}

return  color;

The accumulatedranspareng is storedin variabletrans andwhenit falls undera pre-
definedthresholdthe front to back evaluationterminates.This acceleratiortechniques well
known in volumerenderingliteratureasearly ray termination[35]. In the variablesegment
eachbit is erasedafterthecorrespondingell hasbeenprocessedT hereforeyoutineDepthcan
be calledagainin orderto efficiently find the z-positionof the next non-zerabit. After having
this z-positiondeterminedwvhich is a bit offsetinsidethe ith sggmentthe z-coordinateof the
correspondingoxel is calculatedas32 x i + z.

4.1.4 Binary sheartransformation

The lookup table techniquedescribedn the previous sectionworks only for a specialcase
whenthe viewing directionis parallelto the z-axis. In this sectionit is discussedow to ex-
tendit to viewing directions wherethe principal components the z-coordinateusinga binary
sheartransformatiorof the maskvolume. This operationeffectively shifts the bits of the bi-
nary maskvolumeperpendicularlyto the principal componenbf the viewing direction. In an
interactve volumerenderingapplicationthe volumeis requiredto be rotatedcontinuouslyby
small differenceanglesin orderto perceve thetopologyof the surfacesmuchbetterthanin a
staticimage. Furthermoregeneratingan animationsequencéy rotatingthe volumea drastic
changein viewing directionsis not usual. If the differenceangleis small enoughthenthere
is no slicein the binary volumewhich hasto be shiftedby morethanonevoxel. In this case,
oneshearoperationcanbe performedvery efficiently sincejust bitwise operationseedto be
executedon neighboringintegers. Thatis the reasorwhy our methodshearghe binary vol-
ume B incrementally applyinga techniquesimilar to the methodproposedy Cohen-Orand
Fleishman8]. They usedtheir so calledincrementalalignmentalgorithmin orderto reduce
thecommunicatioroverheadn alarge multi-processoarchitecturesupportingshearingf vol-
umes. Sincesomebits canbe shifted out of the integer array storingthe binary volume B, it
hasto beextendedby Z/2 rowsfilled with zerovaluesalongthe z-axisandalongthe y-axisas
well in bothdirectionsasit is illustratedin Figure4.3.

This extendedarray is definedas: int maskdepttf[heighi[width], wheredepth= (Z +
31) div 32, height= Y + Z andwidth= X + Z. Thefollowing routine performsoneshear
stepin theleft directionprocessing@?2 voxelsin eachstepof theinternalloop:
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void ShearlLeft() {
int i, j, k;
forlk = 0; k < depth/2; k++) {

for(j 0; J < height; j++) {
for(i = 0; i < width-1; i++)
mask[K][j][i] = mask[K][j]i] & “shift_x[K] |
mask[K][j][i+1] & shift_x[KI;
mask[K][j][widt h-1] &= “shift_x[k];
}
fork = depth/2; k < depth; k++) {
for( = 0; j < height; j++) {
fori = width-1; i > 0; i--
mask[K][j][i] = mask[K][j]i] & “shift_x[K] |
mask[K][j][i-1] & shift_x[K];
mask[K][j][0] &= “shift_x[K];
}
}
""""""" |
.
\
\ a
zi2 X zi2

Figure 4.3: Extensiorof thebinary mask.

For the sale of clarity, thisroutineis notoptimizedbut it canbeimprovedintroducinglocal
pointervariablesin orderto avoid unnecessargrray addressingOn the otherhandonly that
part of the extendedmaskneedsto be shearedvhich containsthe non-zerobits representing
thenon-transparertells. Theintegerarrayshift x is definedas: int shift x{deptl] andit stores
a binary vectorof size Z indicatingthosez positionswherethe correspondingliceshave to
be shiftedin the givenshearingophase.Thereis alsosuchan arraydenotedby shifty for they
direction.

In orderto determinethe offsetsof the slicesin different shearingphasesanothertwo
arraysareintroducedfor storingthe realtranslationsalongthe z-axis andthe y-axisandthey
aredefinedas: doubletransx[Z] anddoubletransy[Z] respecirely. Thesetranslationarrays
containthe z andy coordinate®f thosepoints,wherethe z = z; planesintersectthe 3D line
connectingthe point py(transx[0],transy[0],0) with point p;(transx[Z-1],transy[Z-1],Z-1).
Initially, thisline alignsto the z-axis,thusthetranslationarrayscontainzeros.

Before executinga binary shearoperationthe shift vectorsare evaluatedin advanceac-
cordingto therotationdirection. For example,whena clockwiserotationaroundthe y-axisis
neededthepointp, is translatedy onealongthe z-axisinto negative directionandp;, is trans-
latedaswell, but into positivedirection.After this, theintersectiorpointsof theline connecting
thenew py andp; andtheplanes: = z; arecomputedanav andthecoordinatesirestoredn the
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translationarrays. The new binary shift vectorsare determinedaccordingto thesetranslation
values.For example the new shift x arraycanbe computedusingthe following routine:

void ComputeNewShif tX ()

{
double x0 = trans_x[0] -= 1.0, x1 = trans_Xx[Z-1] += 1.0;
int bit = 0x80000000, | = Z - 1;
for(int z =0, z <2Z z++) {
double x = (x0 * (I - 2z) +x1 * z) [/ |
if(floor(x) I= floor(trans_x[Zz] )
shift_x[z/32] = bit >> (z % 32);
else
shift_x[z/32] = “(bit >> (z % 32);
trans_x(z] = X;
}
}
[ 1] [ 2] [ 1]
1 2| 1]
0 1 1]
0| 0| 0]
F1 -1 0|
F1 | -2 | 1]
-2 -3 1
-2 -3 1

@

—~

O
~
~~

<) (d)

Figure 4.4: (a) Anincrementakhearstep.(b) Floors of the old valuesof vectortransx. (c) Floors of
the new valuesof vectortransx. (d) Thebinary vectorshift x.

If the floors of the previous andthe new translationvaluesare not the samethenthe cor-
respondingoit is setto onein the shift x array indicatingthatthe associatedlice needso be
shiftedin the next binary shearoperation(Figure 4.4). Sincethe differencebetweenthe old
andnew translationss the greatesin theplanez = z, (or z = 2z ) thedifferencecannotbe
greaterthanonein the intermediatez points,thusthereis no slice which needsto be shifted
with morethanonebit.

4.1.5 Resampling

Usingthetransformedinaryvolumeanintermediatémageof sizewidth x heightis generated
castingthe raysfrom the grid points. Due to the sheartransformatiorthe Depthroutine can
be appliedin the generalcaseas well, sincethe sggmentsof the rows perpendiculato the
temporaryimageplaneare storedin integers. The positionof the first non-zerobit in a row
determinesheindex i of the z = z; plane,wherethefirst non-transparergell is locatedalong
the correspondingay. The accuratdocationof the samplepoint insidethis cell is computed
takinginto accountheexacttranslatiorvaluesatthegivendepthz. By subtractinghevaluesof
transxi] andtransy(i] respectiely from thez andy coordinate®f thegivencell, thesample
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Figure 4.5: Mappingthe sampldocationfromthe sheaed spaceinto theoriginal objectspace

locationis easilymappedrom the shearedspaceto the original objectspacewherethe color
andopacityvaluesarestored.This mappingis illustratedin Figure4.5.

In orderto calculatehedensityin themappedsamplepointlocationbilinearinterpolations
usedfor thefour cornervoxelsof thecell. As theopacityof thesampldas notnecessarilpneso
theray hasto betracedfurtherandevaluatedaccordingto the transferfunction. If thevolume
containgnternalemptyregions(like a humanskull) it makessensdo usethebinaryvolumefor
evaluatingthe restof the samples.First theintegerrepresenting z-row of bits is copiedinto
atemporaryariable,andwhene&er anon-zerdbit hasbeenprocessedt is setto zero,thusthe
routineDepthcanbe usedagainfor finding the z-positionof the next non-transparergell.

4.1.6 Shearwarp projection

Accordingto the sheatwarp approachproposeddy Lacroute[31] the final imageis produced
from theintermediateamageby arelatively cheap2D warp operationFigure4.6). Theresolu-
tion of the intermediatamagedependon the volumeresolution. In orderto generatéhigher
resolutionmagegheintermediatemagecanberesamplecsatexturemapusingbilinearinter-
polation. Sincethe 2D warpoperations definedby atransformatiormatrix the scalingfactors
canbeeasilybuilt into it. Thereforetheimagezoomingdoesnotrequireadditionaleffort. The
finalimageis generategixel-by-pixel mappingeachpixel locationontotheintermediatemage
andthecorrespondingoloris bilinearly interpolatedrom thefour closesipixel values.

The extensionto arbitraryviewing directionsis obvious sincea binary maskcanbe gener
atedfor eachprincipaldirection. The next two subsectionslescribegwo furtherimprovements,
which couldbeusefulin a practicalimplementation.

4.1.7 Rotation of largedata sets

Due to the incrementakheartransformatiorthe effective speedof the rotation could be low,
especiallyprocessindarger volumes(256%). Sincemostof the time is usedfor rendering,a
possiblesolutionto this problemis to renderthe volumeaftera coupleof incrementakhears.
Increasinghesizeof the datasettheratio of therenderingandshearingimesis gettinglower,
thusthis stratgy is not the bestone. Anotheralternatve is the introductionof supercells,
which are squareregionsin the slicesperpendiculato the principal direction. In the binary
volume, oneis assignedo the correspondingupercell if atleastonevoxel in it is opaque.
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Figure 4.6: Sheaswarp factorizationof the viewing transformation.

Increasinghe sizeof the supercell the sheartransformatiorbecomedgasterbut the rendering
processlows down sincetheroutineDepthdoesnot necessarilyeturnthe exactdepthbut only

a lower bound,so the rays have to be tracedfurther until a non-transparergampleis found.

In Section4.1.9the performances analyzednvestigatinghe optimalcell sizefor datasetsof

differentsizes.

4.1.8 Adaptivethresholding

The primary limitation of the presentedechniqueis that the volume hasto be classifiedin
adwancein orderto generatehe binary volumeandafterwardsthe opacityfunction cannotbe
modifiedin a flexible way. Supposinghat, the userwantsto operatewith a fixed numberof
transferfunctionsanappropriatelensityencodingschemecanbe usedto allow rapidswitching
betweerthem.Eachtransferfunctionhasalower densitythresholdwherebelow thisthreshold
zeroopacityis assignedo the given sample. Let us assumehat we want to useonly three
transferfunctions.Thelower densitythresholdglivide the densitydomaininto intervals Iy, I,
I,, I3 sortedin ascendingrderby their borderswith increasingndex. To eachinterval thetwo
bit binary format of the correspondingndex is assignedasa uniquecode. The codeof a cell
is definedasthe codeof theinterval which containghe highestcornervoxel density Thecell
codesarestoredin anintegerarraywhichis similarto themaskarraybut it containgwo bits for
eachcell insteadof one. This arraycanbe shearedswell, but the bits of a codeshouldalways
bemovedatthesametime in orderto avoid the cuttingof the codes.In therenderingphasethe
routineDepthmustusetheappropriatdookuptabledependingyn thebit patternto besearched
for. Wheneerthe userchangeshetransferfunctionthevariablelut hasto be setto theaddress
of the correspondindookuptable. This encodingschemeallows rapid accesso thefirst non-
transparentell alongthe viewing ray independentlyfrom the selectedransferfunction. Let
ustake anexamplefrom the medicalimagingpractice whereonly four materialgair, fat, soft
tissue,andbone)canbe separate@ccordingio the Hounsfielddensitiegl6][44]. In this caseit
makessensdo divide the densitydomainaccordingto the lower densitythresholdof fat, soft
tissue,andbonerespectiely. For example,having selecteda transferfunction which assigns
zeroopacitiesto the sampleselow the lower thresholdof the soft tissue,only the codes*10”
and“11” will besearchedor in the binaryvolume,preciselyskippingthetransparentells. In
this casethe correspondingpokuptablecontainghebit offsetof thefirst “10” or “11” pattern
insidethe givenbyte. The presentedlensityencodingschemedoesnot affect significantlythe
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performancendallows fastswitchingbetweerthe predefinedransferfunctions.

4.1.9 Implementation

Thepresentedastrotationtechniquehasbeenimplementedn C++andit hasbeentestedonan

SGI Indy workstation.Table4.1 summarizeshe runningtime measurement®r a CT scanof

ahumanheadandTable4.2 containghetestresultsfor a higherresolutionvolumeof thesame
data. The appliedtransferfunction assignshigh opacitiesto the voxels representinghe bone
thusraysterminateright afterreachinghe boundaryof the skull (Figure4.7).

| cellsize | shearingime | renderingime | framerate |
1 0.019sec 0.114sec 6.87Hz
2 0.005sec 0.107sec 8.64Hz
3 0.002sec 0.118sec 8.11Hz
4 0.001sec 0.156sec 6.26Hz

Table4.1: Testresultsfor the CT headof size128 x 128 x 113.

cellsize || shearingime | renderingime | framerate
1 0.160sec 0.590sec 1.21Hz
2 0.040sec 0.492sec 1.81Hz
3 0.017sec 0.535sec 1.78Hz
4 0.009sec 0.709sec 1.37Hz

Table4.2: Testresultsfor the CT headof size256 x 256 x 225.

Notethat,theoptimalsupercell sizeis not necessarilyghe onewhich the highestframerate
belongsto, sincewith larger supercell sizethe effective rotationspeeds higher In orderto
rotatethe volumecontinuouslythe cell sizemustbe setsmallandhigherrotationspeedcanbe
achievedby settinglarger cell sizeproducingapproximatelythe sameframerates.

Figure 4.7: Interactiverotationusingfastiso-surfacerendering

Usingtransferfunctionswhich assignlow opacityvaluesto differenttissueshe rendering
time increaseslirastically sinceafterskippingthe emptyregionsthe alpha-blendingvaluation
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of the semi-transparergegmentsis computationallyvery expensve. Although settinglarger
supercell size higher rotation speedcan be achieved in the fast previewing phasethe high
guality renderingslows down sincethe binary volume containsesspreciseinformationabout
the transparentells. Table 4.3 and Table 4.4 showv the averagerenderingtimes for the low

andhigh resolutiondatasetsrespectrely usingthreedifferenttransferfunctionsillustratedin

Figure4.8.

Figure 4.8: Alpha-blendingenderingusingdifferenttransferfunctions.

cell size H transferfunctionA | transferfunctionB | transferfunctionC

1 0.36sec 0.19sec 0.18sec
2 0.39sec 0.21sec 0.21sec
3 0.43sec 0.25sec 0.24sec
4 0.51sec 0.32sec 0.31sec

Table4.3: Renderingimesfor thevolumeof size128 x 128 x 113.

cellsize || transferfunctionA | transferfunctionB | transferfunctionC
1 1.97sec 1.02sec 0.99sec
2 1.93sec 1.01sec 0.96sec
3 2.08sec 1.09sec 1.08sec
4 2.44sec 1.45sec 1.46sec

Table4.4: Renderingimesfor thevolumeof size256 x 256 x 225.

4.1.10 Summary

In this sectiona fastvolumerotationtechniquehasbeenpresentedvhich providesinteractve
framerateswithout usingary specializechardwaresupport.Fastrotationcanbe achiezed us-
ing binaryor nearbinary opacityfunctions,whenraysterminateright afterreachinganopaque
surface. In this sensethe proposedechniques a surfaceorientedalgorithmbut unlike other
interactve iso-surbcemethodsit significantlyspeedsup the classicaltransferfunction based
ray casting.Becausef the preciseskippingof emptyregionsit is approximatelyasefficientas
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theclassicasheatwarpalgorithmbasedn run-lengthencoding31]. In apracticalimplemen-
tationit canbeappliedasafastpreviewerrenderingheiso-suraicedefinedby thelowerdensity
thresholdof the selectedransferfunction,wheretheviewing directioncanbe setinteractvely,
andthe final imageis renderedusing the alpha-blendingavaluation. The effective rotation
speedcanbeincreasedy settinga larger supercell sizeandapplyingthe proposedadaptve
thresholdingextensionthe usercanswitchrapidly betweerpredefinedransferfunctions.
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4.2 Fastmaximum intensity projection

In this sectionit is shavn thatthe previously presentedechniquebasedon binary sheartrans-
formationis auniversalacceleratiortool for differentvisualizatiormodels.It supportsiotonly
the classicamodelbasedn transferfunctionsbut maximumintensityprojectionaswell [12].

4.2.1 Intr oduction

Maximumintensity Projection (MIP) is a widely acceptedenderingtechniquewhich canbe
usedespeciallyfor thevisualizationof location,shapeandtopologyof bloodvesselsAlthough
theshadedurfacesf differenttissuecannotberenderedpplyingthis method practicallyit is
muchmoreimportantin diagnosighenthe classicalkransferfunctionbasedendering.There-
fore,aMIP renderingmoduleis partof almostevery commerciaimedical-imagingystem.On
the otherhandit canbe consideredasa simulatedX-Ray renderingmethodsinceit approxi-
matesthe densityintegralsalongthe projectionrays. Therefore,it is usedfor generalCT or
MRI medicaldatasetsaswell. Although maximumintensityprojectionis a very usefultech-
niguefor analysisof medicaldata,notmary efficientalgorithmsexist for finding the maximum
intensityalonga mathematicatay.

The classicalbruteforce implementatiorof MIP resampleghe densityvolumeat a finite
numberof evenlylocatedsamplegointsalongtheraysandselectshemaximumdensitysample,
assuming piecaviseconstanapproximatiorof thedensityfunction. Theaccurag depend®n
the samplingdensityandthe appliedresamplindfilter aswell. Insteadof the computationally
expensvetrilinearinterpolationanearesheighboresamplingcanbeusedwhichensuresaster
renderingfor aslightreductionof imagequality.

In orderto achiere higheraccurag, for eachcell intersectedoy the given ray the exact
entry and exit points needto be determinedand the local maximumvalue hasto be found
in the ray segmentboundedby thesepoints[49]. Consideringhe volumeto be a continuous
3D function, wherethe densityof the intermediatepointsis the trilinear interpolationof the
densitiesof the eight closestvoxels, the densityfunction alongthe internalray sggmentis a
polynomial of third degree. The local maximumlocation can be calculatedanalytically or
usingheuristicapproximationg49]. Exploiting thatthe interpolateddensitycannotbe greater
thanthe maximumdensityof the eightclosestvoxelsthis calculationhasto be performedonly
for thepromisingcells,wherethemaximumcornerdensityof thecell is greatethanthecurrent
ray density In spiteof this, algorithmsinvestigatinghe local maximumlocationsinsidea cell
arerathertime demandingthereforethey cannotbe appliedin interactve applications.

In the lasttwo decadesereral volumerenderingtechniquesave beenpublishedaiming
at the acceleratedvaluationof the well known light transportequation[15][31][35][44][21]
[7][68]. Most of thesemethodsusehierarchicaldatastructureso speedup the ray traversal
exploiting the coherenceof the dataset[15][33][53]. The min-max versionsof thesedata
structuredik e octreesK-d trees,or pyramidscanbe usedfor accelerategnaximumintensity
projectionaswell. Among the direct volume renderingacceleratiortechniquesthe greatest
time savzings have beenmadewith Lacroutes sheatwarp factorizationalgorithm, basedon
run-lengthencodingof transparentegions[31]. Sincethis methodwasproposedor the fast
alpha-blendingvaluation,it cannotbe usedfor MIP without modification. The new method
presentedh this sectionalsousesthe sheaswarp projectionapproachbut the preprocessing
performedn a completelydifferentmannemptimizedfor maximumintensityprojection.
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4.2.2 Encodingof the density intervals

The main problemin maximumintensityprojectionis thatseveralvolumesampleshave to be

investigatedalongeachviewing ray andonly onesampleperray contributesto thefinal image.
In orderto avoid the unnecessargesamplingour method[12] decomposethe densitydomain
into afinite numberof intervals. At first, for eachray theinterval is determinedvhich contains
themaximumdensity thenthevolumeis resampledtthosevoxel locationswherethedensities
residein thegiveninterval.

For thesale of clarity, thevolumeis consideredo bea piecavise constanBD densityfunc-
tion andlaterit is discussedhow to extendthe methodtio usea moreexactbilinearinterpolation
for resampling.To eachvoxel abinarycodeis assignedepresentingninterval which contains
the densityof the givenvoxel. The densitydomainis dividedinto n intenals Iy, I, ... I,,_4
sortedin ascendingprderby their borderswith increasingndex. To eachinterval the binary
format of the correspondingndex is assignedasa uniquecode. In a preprocessingtepan
additionalvolumeis createdwvhich storeshe densityinterval codesfor eachvoxel.

Intensity

Figure 4.9: Mappingthe densitieontointensities.

In practiceof medicaldataevaluationusually a windowing function is usedto map the
relevantpartof thedensitydomainontointensitiegFigure4.9)(forthe sale of simplicity, in the
furtherdiscussiorthe”density” termis usedfor the datavaluesof theinputarray althoughit is
not completelycorrectfor MRI datasets).This functionis definedby two parametersa lower
(L) andahigher(H) threshold.In orderto handletheirrelevantpartefficiently theintervals I
and/,_; aredefinedas[0,L) and[H,M] respectiely, whereM is the maximumdensityvalue.
Thedomain[L,H) canbe subdvidedusinga uniform or a balancedjuantizatiorbasedon the
histogramof thedataset.

Without lossof generalityassumehatthe numberof intenalsis four (n = 4). In this case
theintervals canbe encodedn two bits, wherethe code“00” representshe lowestand“11”
thehighestintenal. The binaryvolumecontainingthe correspondingodesfor eachvoxel can
bestoredin a 3D integerarraymask whereanintegerelemenicontainscontinuouslythe codes
of voxelsalongtherows parallelto the z-axis. Having adensityvolumeof size X x Y x Z this
integerarrayis definedasint maskdeptH[ heighi[width], wheredepth= (2 * Z + 30) div 32,
height=Y, width= X andthe sizeof anintegeris supposedo be 32 bits.

Similarly to the discussiorof the previous acceleratioritechniqudirst a specialcaseis de-
scribedassuminghattheviewing directionis the z-axis. It is shovn how to usein this special
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casethe binary maskfor fastglobal andlocal maximumintensity projection. Afterwardsthe
extensionto arbitraryviewing directionsis discusse@pplyinga binarysheaitransformation.

4.2.3 Maximum intensity projection (MIP)

In orderto projectthemaximumintensitiesontothex, y plane raysarecastinto the z direction
from each(z;, y;) grid point. Sincein this specialcase the samplepointsarelocatedat voxel
positionstheintegerelementof thearraymaskstorethe densityinterval codesof the samples
alongtheraysparallelto the z-axis. For eachray, first thatinterval is determinedvhich contains
the maximumdensityin orderto avoid the resamplingin the lower densityintervals. The
following routinecompare®it patterngo find thecodeof thehighestdensityinterval, checking
16 samplesn eachstepof theloop.

int  MaxInterval(int i, int ) {
int index = O;

for(int k = 0; k < depth; k++) {
int  segment = mask[K][j][i];
if(segment) {

int I0lorlll =
segment & 0x55555555;
if(I01orl11) {
if(I01ori11 & (segment >> 1)) return 3;
else if(index < 1) index = 1;
}
else index = 2;
}
} return index;

}

ThevariablelOlorl1lis greaterthanzeroif theinteger sgmentcontainsat leastone“01”
or “11” pattern.In this casejf the bitwise AND operationof I01orl11 andthe sggmentshifted
right is greaterthanonethenthereis at leastone“11” patternfound, otherwisethe highest
densityinterval codeis “01”. If thevalueof 101orl11is zerothenthe highestdensitycodeis
“00” or “10” dependingon whetherthe valueof segmentis zeroor not. Having four or more
intervalsalookuptablecanbeusedin orderto find the bit patterninsideanintegerrepresenting
the highestdensityinterval. The lookup table storesthe index of the correspondingnterval
for eachbyte combinationandthe bytesin aninteger are checled sequentially After having
the appropriatanterval codeonly thosesampleshave to be investigatedyhich have the same
densitycode.For example,if thereturnvalueof MaxIntervalis 1 the bit pattern‘01” hasto be
searchedor in theintegerarraymask Accordingto the offsetof thefoundpatternthelocation
of the corresponding/oxel is determinedandthe exactintensity valueis comparedwith the
currentray intensity

int  MIP(int i, int j) {
int  max = 0, pattern = Maxinterval(i,j )i
if('pattern) return  0;
for(int k = 0; k < depth; k++) {
int  segment = mask[K][j][i], pos;
while((pos = Offset(segment, pattern)) < 32) {

int density = volumelk * 16 + pos [/ 2][j][i];
if(density > max) max = density;
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segment &= "(0xCO000000 >> pos);
}

} return  max;

}

Theroutine Offsetreturnswith the offsetof the found bit patternpassedsa secondargu-
ment. Having four lookuptablesof 256 byte sizestoringthe positionof thefirst patterninside
abytefor eachinterval code,this operationcanbe performedvery fast(Figure4.10).

int  Offset(int segment, int pattern) {
int pos, *lut = SelectLUT(patte rm) ;
pos = lut[segment >> 24];

if(pos < 8) return pos;

pos = lut[(segment << 8) >> 24];
if(lpos < 8) return pos + 8;

pos = lut[(segment << 16) >> 24];
if(lpos < 8) return pos + 16;

pos = lut[segment & 0x000000FF;
if(lpos < 8) return pos + 24;
return 32,

0 2 4 6
[0fofo[1[1]0[0]1]

Pattern : 255

Figure 4.10: Anexampleofa LUT entry.

Assumethat, if the givenbyte doesnot containthe searcheghatternthenthe lookuptable
stores8 for this bit combination. On the otherhand,if the whole segmentrepresentedby an
integer doesnot containthe given patternthen the returnvalue of the routine Offsetis 32.
Theaddres®f the appliedlookuptableis returnedby theroutineSelectLUTdependingpn the
bit patternrequiredto be searchedor. Note that, the processedamplesare deletedfrom the
variablesggment thusthis lookup tabletechniquecanbe usedagainto determinethe location
of thenext sample.

4.2.4 Local maximum intensity projection (LMIP)

For local maximumintensityprojection(LMIP) whichis anextendedversionof MIP a similar
lookuptabletechniquecanbeusedin orderto reducehenumberof samplego betaken. LMIP
selectghe first local maximumalonga ray which is greaterthana predefinedhreshold[50].
With anappropriatgparametesettingLMIP canprovide similar shadingeffectsasthetransfer
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function basedvolume renderingand more precisegeometricinformationlike the depthand
occlusionof vesselsanbeobtained.

In this case just onebit is assignedo eachvoxel indicatingwhetherthe densityis under
or above the predefinedhreshold thusthe problemof finding the first densitysamplealonga
ray which is higherthanthe thresholdis reducedo the problemof finding the positionof the
first non-zerobit insideaninteger Having a lookup table storingthis positionfor eachbyte
combination,the bytesof the given integer have to be checled sequentiallyandthe lookup
tableis addressedy thefirst non-zerdbyte. Takeninto accounthe offsetof thefirst non-zero
byte andthe readvaluethe z-positionof thefirst samplecanbe calculatedeasily Thefurther
samplesareinvestigatedsequentiallyuntil thefirst local maximumis found. Accordingto the
definition of LMIP, for thoserayswhich do not intersectary voxels of densitieshigherthan
thethresholdthe global maximumhasto be taken. For theseraysthe datastructuredefinedin
the previous sectioncanbe used. Althoughfor LMIP we cannotapply a moreprecisedensity
encodingdueto theearlyray terminationit is usuallyfasterthanthetraditionalMIP.

4.2.5 Shearwarp projection

The presentedMIP techniqueworks only for a specialcase,whenthe viewing directionis
parallelto the z-axis. It canbe generalizedo arbitrary viewing directionssimilarly to the
rotationtechniquediscussedn Section4.1. In orderto computethe discretetranslationf the
slicesa Bresenham-lie symmetric3D DDA line drawing algorithmis used[54]. During the
binary sheartransformationto avoid the cutting of the binary codesstoredin theintegerarray
maskthe bits of the two bit long segmentsin the array shift have to be setto the samevalue.
Thisis similarto the binary shearttransformatiorof masksencodingseveralclassifiedvolumes
describedn Subsectiom.1.8. After having an intermediatédmagegeneratedn the sheared
spacehefinal imageis producedn the sameway asit is describedn Sectior4.1.

4.2.6 Extensions

Sincethe rays are approximatedoy 3D discretelines the algorithm doesnot generatesxact
maximumintensity projectionsbut it canbe furtherimproved usingbilinear interpolationfor
computingthe densitysamples.In this casethe binary densitycodeshave to be assignedo
rectangulacells on the planesperpendiculato the principal componenbf the viewing direc-
tion ratherthanto voxels. To eachcell two codesare assignedepresentingespectrely the
maximumandthe minimum densityof the four cornervoxels. In theray castingprocessfirst
thelower boundof the globalmaximumis determinedasthe highestminimumdensity After-
wardsonly thosecellsareresampledywherethe encodednaximumdensityis not smallerthan
thelowerboundor thecurrentmaximum.Thepreviously presentedbokup-tableechniquecan
beeasilyadaptedo this extension.

Applying four bit densitycodesthe shearoperationis slower but sincethe binary volume
containsmoreexactinformationaboutthe voxel densitiesmuchlesssamplesave to betaken
in the projectionstep. Ignoring the completeresamplingprocesshe highestdensityindices
alongtherayscanbedisplayeddirectly yielding animagewith 16 graylevels,thusthe method
canbeusedasafastMIP previewer.

4.2.7 Implementation

The presentedilgorithmhasbeenimplementedn C++ and hasbeentestedon an SGI Indy
workstation. Table 4.5 summarizeshe averageshearingMIP, and LMIP runningtimes per
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Figure 4.11: LMIP of a CT scanof a humanhead.

frame. We usedthe samedataasfor testingthe algorithmdiscussedn Section4.1, whichis a
CT scanof ahumanheadavailablein aloweranda higherresolution.

| resolution || 128 x 128 x 113 | 256 x 256 x 225 |

shearingime 0.011sec 0.104sec
LMIP time 0.077sec 0.432sec
MIP time 0.193sec 1.812sec

Table4.5: Runningtime measuements.

Sincethebinarysheartransformations computationallyelatvely cheagheeffective speed
of the rotationcanbe increasegerforminga coupleof incrementakheardetweerthe frame
generationsThe averageframerateof a smoothrotationis approximatelyl0 Hz for the small
resolutiondatasetand2 Hz for the high resolutionvolumeusingLMIP rendering.Figure4.11
shaws the high resolutiondatasetrenderedusingLMIP. Dueto anappropriatdiltering, point
like noiseartifactsin theacquireddatawerenot consideredslocal maximumvalues.

4.2.8 Summary

In this sectiona fast maximumintensity projectiontechniquehasbeenpresentedwhich is

alsobasedon binary sheartransformation.Due to our densityencodingschemeandthe ap-

pliedlookup-tableechniquehe numberof densitysamplego betakenis significantlyreduced
speedingup the maximumintensityprojection. The proposednethodsupportghe local maxi-

mumintensityprojectionaswell. Theviewing raysareevaluatedn front-to-backorderuntil the

firstlocalmaximumabore apredefinedhresholds found. In thissectionit hasbeenshovn that
thebinarysheartransformations a generakcceleratioriool for differentvolumevisualization
models.
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4.3 Interacti veiso-surfacerendering

4.3.1 Intr oduction

In this sectionaninteractve techniques presenteavhichis proposedor fastshadedlisplayof
iso-suraiceq13]. Thetraditionalway of surfacerenderings thereconstructiorof atriangular
meshfrom the volumedataapplyingthe marching cubesalgorithm[38]. Sucha meshcanbe
interactvely renderedusingthe corventionalgraphicshardware. Neverthelessthis approach
requiresatime-consumingpreprocessingndit doesnot supportcuttingoperationsEspecially
in medical-imagingsystemst is ratherimportantto visualizethe internal structuresas well
astheiso-surfices.Usually the cross-sectionalicesperpendiculato a userdefineddirection
arevisualizedfor diagnosticapurposesAlthoughtheintersectiorof atriangularmeshandan
arbitrary cutting planecould be calculatecthe original densityvaluesalongthe cutting plane
arenotavailable. Thereforethe 2D cross-sectionadlicescannotbevisualized.

In thelastdecadeseveraldirectvolume-renderingechniquesverepublishedwhich areop-
timizedfor fastdisplayof iso-surhices.Onealternatve is to exploit frame-to-framecohereny,
assumingthat the volume s requiredto be rotatedby small differenceangles. Gudmunds-
sonandRandn[23] proposedanincrementalotationtechniquebasedon thisidea. Yageland
Shi[67] useda similartechniqueapplyinga hierarchicadatastructurefor fastspace-leaping.

Anotherapproachs to extracttheboundarywoxelsandto projectthemontotheimageplane.
Sobierajski[52 proposed hybrid method wherethe extractedsurfacepointsarecorvertedto
geometricaprimitiveswhich arerenderedy a corventionalgraphicshardware. Saito[47]used
thesamestratgyy convertingonly asubsebf thesurfacepointsto geometricaprimitives,where
thesamplesareselectedaccordingto a uniform distribution.

ChoiandShin[4]workedoutanefficientimage-basedurface-renderingnethodwhich pro-
videsinteractve framerateswithoutary specializedhardware. Thelimitation of theirapproach
is thelack of the basicvolumeoperationsuchascutting.

Our fastsurface-renderingnethoddoesnot rely on the corventionalgraphicshardwareto
achieve high frameratesandsupportanteractve cuttingoperationsaaswell. In orderto reduce
the datato be processedhe algorithmeliminatesthosevoxelswhich areinvisible from a spe-
cific domainof viewing directions.In contrastthe previous methodsusea a view-independent
extractionof boundaryoxels providing wealer datareductionrate. The boundaryoxelsare
storedin anappropriatedatastructureoptimizedfor fastsheaswarp projection. Sincethis ap-
proachis objectbased mappingeachvoxel onto one pixel, the typical staircaseartifactscan
appeaiin the generatedmage. In orderto reducethis aliasingnot the centraldifferencesare
usedfor normal computationbut a more sophisticatedyradientestimationschemebasedon
linearregressior]43]. Thistechniques discussedaterin Sectior4.4.

4.3.2 Extraction of the potentially visible voxels

Assumethatthe input datais a spatialdensityfunction f : R* — R sampledat regular grid
points,yieldingavolumeV : 73 — R of sizeX x Y x Z, where

Viik = f(i,yj, 2k)-

In the segmentationprocessa binarizingfunctiond : Z* — {0,1} is appliedin orderto
definethe voxels which belongto the objectof interest. The value of 1 is assignedo these
voxelsandthey arereferredto asnon-emptwoxels,while to all the othervoxelsthevalueof 0
is assignedindthey arereferredto asemptyvoxels. Typically this functionis definedas:
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. . 1if ‘/i,j,k >t
b, 5, k) = {0 otherwise,
wheret is a densitythreshold. Generally zerois alsoassignedo thosevoxels which are
within anarbitrarycuttingobject. After the segmentationthedatasetis reducedy eliminating
theinvisible voxels. Unlike the otherextractiontechniquespur methoddoesnot extractall the
boundaryvoxels, but only thosewhich are possiblyvisible from a certaindomainof viewing
angles. Accordingto the principal componenbf the viewing direction6 casescanbe distin-
guished. Figure 4.12 depictsthesecasesasregionson the directionalcube. Without loss of
generalityassumehatthe principalcomponents the z-coordinatethusthe viewing direction
is insidethedomain6. Theextractionis performedaccordingto a recursve visibility function
v: 7% — {0, 1} assigning to the hiddenvoxelsand1 to the potentiallyvisible voxels:

Figure 4.12: Decompositiorof viewing directionsinto 6 regions.

1ifk=0or
{3lm|i—-1<I<i+]1,

’U(iajak): ]_1Sm§]+1,
v(l,m,k—1) =1, b(l,m,k—1) =0}
0 otherwise.

A voxel at position (i, j, k) is potentiallyvisible (v(i, 7, k) = 1) if it belongsto thefirst z-
slice(k = 0) or thereexistsapotentiallyvisible,emptyoxel atposition(l, m, k—1) (v(l, m, k—
1) = 1,andb(l,m, k—1) = 0), wherel andm arein thesets{i—1,4,i+1)} and{j—1, j,j+1}
respectrely.

Notethat,if onevoxelis hiddenit doesnotnecessarilyneanthatall theninevoxelsin front
of it arenon-emptynessinceanemptyvoxel canalso“hide” anothewoxel if it is hidden.This
incrementakxtractioncaneliminatemuchmoreoccludedvoxelsthana scanningwvhich takes
into accounbnly thelocalneighborhoodFigure4.13demonstratethis proceduren 2D, where
one pixel canbe occludedby the threepixelslocatedin front of it. Becauseof the recursve
definition of the visibility functionthe rows are processedn front-to-backorder The pixels
with dotsrepresennon-emptyoxels, while the other pixels depictthe emptyones. Having
thevisibility calculationexecutedthegraypixelsarehiddenandthewhite onesmaybevisible
assuminghegivenrangeof viewing directions.Our methodextractsonly thepotentiallyvisible
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non-emptyoxels. In contrastothersimilar techniqueselectall the exterior boundaryoxels,
requiringamorecomplicatedpreprocessingndproviding worsedata-reductiomate.

k=Z
visible non-empty

visible empty

hidden non-empty

hidden empty

k=0

i=0 i=X X
\Q/possible viewing directions

Figure 4.13: Extractionof the potentiallyvisible non-emptyoxels.

After the extractionof the boundaryvoxels they have to be storedin an appropriatedata
structurewhich containsall theinformationnecessarfor therenderingstage.Thisinformation
includesthe original datavalue (density),the color, the positionvector andthe approximated
gradientvector Theoriginaldensityvaluecanbeusedor thegray-scaleenderingof thecutting
planeswhile thegradientvectoris requiredasa surfacenormalfor theview-dependenshading.
Assumingthatthe light sourcesarerotatedtogethemwith the objectandthe view-independent
Lambertianshadingmodelis usedthe gradientcomponentsio not have to be stored. In this
casethe shadedcolors are precalculatedor eachextractedboundaryvoxel. As the gradient
estimations alsoperformedonly for therelatvely smallnumberof extractedpotentiallyvisible
voxels, insteadof calculatingthe centraldifferencesa more sophisticatediervative filter can
beappliedkeepingthe preprocessingmein areasonableange.

k=7-1 E—EED
o[ [ [ [ 1]
o— [ | [ [ P[T
\ dénsity
. | color
1| location (X, y)
r T | gradient direction
o ——[ [ [ [ [ [ 1]
k=0 @+— [ ]

Figure 4.14: Thedatastructue storingthe boundaryvoxels.

In orderto make the renderingstepfast the surface points are storedin lists separately
for eachslice perpendiculato the z-axis (Figure4.14). For efficiency reasonstheselists are
representelly fixedsizearraysthereforan thepreprocessintheboundarywoxelsarecollected



4.3. INTERACTIVE ISO-SURFACE RENDERING 54

in amaximizedemporaryarray Having asliceprocessedhedatafieldsarecopiedinto anewly
allocatedarray containingasmary entriesasthe numberof the boundaryvoxelsin the given
slice. Sincein thisdatastructurehe z-coordinate®f thesurfacepointsarestoredmplicitly the
arrayelementcontainonly thex andy component®f the voxel position.

4.3.3 Shearwarp projection

In orderto efficiently renderthe potentiallyvisible boundaryoxels sheaswarp projection[3]
is used(Figure3.1). As theboundarywoxelsaresortedaccordingo z-depth,the hidden-woxel
removal is performedautomaticallyprojectingthe slicesin a descendinglepthorderoverwrit-
ing thepixel valuesin theintermediatemage.

Thepreviousmethods[2§52] usuallyusea z-buffer for this purposepecause¢hey storeall
the surfacepointsin onesinglelist. Beforethe projectionthe depthvaluehasto be checledin
the z-buffer which requiresa conditionaljump decreasinghe efficiengy of the pipelinemech-
anismof theinstructionexecution.Furthermoreprojectingeachvoxel to onepixel, holesmay
appeain theimage.Applying the splattingtechniquewith anappropriatdootprintkernel,this
artifactcanbeavoided,but it coulddrasticallyinfluencethe performance.

For thesale of efficiengy, ourmethodalsomapseachvoxel to onepixel, butin orderto avoid
holes,anintermediatémageof size(X + Z) x (Y + Z) is generatedwherethe neighboring
voxelsaremappedo neighboringpixels. This mappingis very simplein theshearedpace.To
eachvoxel locationthe 2D offset vectorof the givenslice is added. This offsetis calculated
for eachslicein adwanceandonly oncewheneer the viewing directionis changed Assuming
thatthe principalcomponenbf theviewing directionis the z coordinatehe maximumabsolute
translationof a boundaryoxel is Z/2 in the directionof the z-axis or the y-axis. Therefore,
thetemporaryimagewill containall the projectedooundaryvoxels.

The slice offsetsare calculatedusing a Bresenham-lie symmetric3D DDA line draving
algorithm[54]. In orderto computemoreaccuratepixel valuesbilinearinterpolationcanalso
be appliedtaking into accountthe exact translation=f the slices. This quality improvement
candrasticallyincreaseherenderingtime. In a practicalimplementationfor fastrotationthe
approximatingdiscreteraysareused(it is equivalentwith a nearest-neighbaesamplingand
only thefinal imageis renderedrom bilinearly interpolatedcsamples.

Having the intermediatamagegeneratedit hasto be mappedonto the final imageusing
a 2D warp operation. The scalingfactorscanbe built into the warp matrix, thusthe size of
the final imagedoesnot necessarilydependon the size of the original volume. In fact, the
intermediatémageis usedasatexturemapasit is describedn Sectiord.1

If the shadingmodelis view-dependen(lik e the classicalPhongmodel)thenfor eachex-
tractedboundaryvoxel an approximatedsurfacenormalhasto be stored. A normalvectoris
representetly two polarcoordinatesndeachpolarcoordinatdas quantizedntoa6 bit integer.
Thereforeasurfacenormalcanbestoredin a 16 bit integer, which canbeusedasanaddresso
alookuptable containingthe precalculateghadingfactors. This lookup tableis refreshedor
eachpossiblenormalvectorwheneer thelighting conditionsarechanged.

Thevoxelsintersectedy acuttingplanearehandleddifferentlysincethey arenotshadedt
all. Typically the pixel coloris overwrittenby the densityof the projectedvoxel. Generallyan
arbitraryfunctioncanbe usedwhich mapsthe original datavalueto a color. Sincethe shading
proces$asto ignorethesevoxels,to eachpixel of theintermediatemageanadditionalattribute
hasto be assignedndicatingwhetherthe correspondingoxel is a boundaryvoxel or a voxel
intersectedby the cuttingplane.
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4.3.4 Decompositionof the viewing dir ections

The presentedurface-renderingnethodcanbe extendedto arbitraryviewing directionssince
the preprocessingan be executedfor ary principal direction. A further opportunityof im-
provementis to decomposé¢he domainof the viewing directionsinto 24 regionsinsteadof 6.
Figure4.15depictstheseregionson thedirectionalcube.Assumethatthe principalcomponent
of theviewing directionis the z coordinate Accordingto the signsof the z andy components
four casesanbedistinguishedFor example,if bothof themarepositive thevisibility function
is definedas:

lifk=0or
{Il,m|i-1<1<1i,
’U(ivjvk): Jj—1<m<y,
v(l,m,k—1)=1, b(l,m,k—1) =0}
0 otherwise.

Sincein this casewe have a strongercondition (insteadof nine, only the four voxels are
checledwhich couldhidethe currentlytestedvoxel from the specificviewing direction)defin-
ing the potentiallyvisible surfacepointsthe numberof extractedvoxelswill belower thanin
thegenerakase.Thevisibility functioncanbedefinedsimilarly for the otherregions.In order
to renderthevolumefrom anarbitraryviewing anglethe preprocessingasto be performedor
all the24 regions.In therenderingohasethe appropriatedatastructures selectedcaccordingo
the currentviewing direction. Althoughthis modificationincreaseshe preprocessingme and
the storagerequirementslater we will shawv thatit significantlyimprovesthe extractionrate,
makingtherenderingorocessnuchfaster

Figure 4.15: Decompositiorof viewing directionsinto 24 regions.

4.3.5 Interactive cutting operations

A majordravbackof themethodpresentedofaris thatthe cuttingplaneshave to bedefinedin
adwance sincethe surfacepointseliminatedby the cutting operationare not storedarny more.
Thus after the preprocessinghe locationandthe orientationof the cutting planescannotbe
modifiedinteractvely, althoughit would beratherimportantin a medicalimagingapplication.
In this sectionwe discusshow to addthis featurewithout significantreductionin performance.
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In the preprocessinghe cutting planesare not taken into accountandonly the potentially
visible voxels are extracted. In the projectionphase,due to the cutting operationsinternal
voxels intersectedy the cutting planehave to be renderedaswell, thusthe original volume
needsto be keptin the main memory Assumethat we have only one cutting plane. The
surfacepointsandthe internalvoxels are projectedseparatelywherethe orderdependon the
currentviewing direction. Thecuttingplanedividesthespaceanto two halfspaceslf thesurface
pointsarelocatedin the halfspacewhich containsthe viewpoint thenthey are projectedafter
the renderingof the internalvoxelsintersectedy the cutting plane. Otherwisethe projection
orderis reversed.

Beforethe projection,the potentiallyvisible voxelshave to be checledwhetherthey arein
the positive or negative halfspacelt requiresthe substitutionof the voxel coordinatesnto the
implicit equationof thecurrentplane:

a-z+b-y+c-z+d=r.

Thesign of theresidualr indicateswhetherthe givenvoxel hasto berenderedr ignored.
Sincethevoxelsarestoredsortedby the z coordinatethewholeexpressiomeednotto beeval-
uatedfor eachsinglevoxel. Thesubepressior: - z + d is evaluatedonly oncefor eachz-slice.
For furtheroptimization,the surfacepointsinsidea slice canbe sortedby the y coordinatess
well. This doesnotincreasdhe preprocessingime sinceperformingthe visibility calculation
row-continuouslythe surfacepointsaresortedautomatically Therefore the eliminationof the
cutvoxelsrequirespracticallyjust onemultiplicationandoneconditionalinstructionaddition-
ally, thusthis extensiondoesnot significantlyeffect the performance.

The voxelsintersectedy the cutting planeare projectedseparately Without lossof gen-
erality, let usassumehatthe principalcomponenbf the planenormalis the z-coordinate.In
this caseall the possiblediscrete(z, y) pairs(z € {0,1,.... X —1},y € {0,1,....,Y — 1}) are
substitutednto the explicit equatiorof theplaneandtheobtained: valueis usedfor addressing
the original volume. The internalvoxels arerenderedusingthe gray-scaledlatavalues. Be-
fore projectingthesevoxelsontotheimageplanethey arechecled whetherthey belongto the
region of interest,otherwisethelow densityvoxelsrepresentinghe surroundingair couldhide
thesurfacepoints.In orderto avoid this, anadditionalsegmentatiorfunctioncanbeusedwhich
is not necessarilfthe sameasthe oneusedfor the extractionof the surfacepoints (b(z, j, k)).
For example,whenthe surfaceof the skull is requiredto be renderedhe samethresholding
segmentatioris not usableto determingheregion of interestin the slicedefinedby the cutting
plane,sinceit cancontainvoxelswith densitiedowerthanthebonethreshold.

If the purposeof cuttingis the visualizationof the internalsurfacethenonly the extracted
surfacepointslocatedin the positive (or negative) halfspacearerendered.Unfortunatelythe
incrementakextractionof the boundaryvoxels cannotbe usedin this case thusonly the local
neighborhoods takeninto accounin thevisibility calculation.

Anotheropportunityof improvementis the restrictionof the cutting planeorientations.If
only the cutting planeswhich are perpendiculato oneof the major axesareallowedthenthe
projectionphasecanbefurtheroptimized. Theimplementatiorof the cutting planeperpendic-
ularto the z-axisis thesimplest.In this specialcasethereis no needto checkeachsinglevoxel
beforeprojection,sincetheslicesbehind(or in front of) thegivenz deptharesimply ignored.

The cutting planesperpendiculato the z-axis or to the y-axis are also supportedoy the
proposeddatastructurewith the following slight modification. The surfacepointsare sorted
insidethe z-slicesby the z andy coordinateaswell, andthesetwo lists arestoredseparately
for eachz-slice. In this casethe cutting planescanbe incrementallytranslatedsincefor each
list a pointercanbeintroducedndicatingthe borderbetweerthe voxelsbehindandin front of



4.3. INTERACTIVE ISO-SURFACE RENDERING 57

thecurrentplane.

4.3.6 Implementation

The presenteagurface-renderingnethodhasbeenimplementedn C++ andit hasbeentested
on a Silicon Graphicsindy workstation. The testdatawasthe CT scanof a humanheadused
for testingthe previously presentedalgorithms. Table 4.6 and Table 4.7 summarizethe run-
time measurement®r a volumewith two differentresolutions The scalingfactorsin thewarp
operationaresetto one,sotheimagesizesare128 x 113 and256 x 225 respectrely. In the
preprocessing thresholdingunctionwasusedin orderto segmentthe skull. Usingthe view-

dependenPhongshadingto modelspecularsurfacesthe shadedcolorsare calculatedduring
therenderingorocessin caseof just a diffusesurfacethe colorsaredeterminedn adwancefor

eachboundaryoxel accordingo theview-independentambertianshadingmodel.

| shadingnodel || Lambert| Phong |
preprocessing 7 sec 6 sec
intermediatémage || 9 msec | 52 msec
finalimage 4 msec| 4msec
framerates 76.9Hz | 17.9Hz

Table4.6: Testresultsfor the volumeof resolution128 x 128 x 113.

shadingnodel || Lambert| Phong |
preprocessing 56 sec 55sec
intermediatémage || 45 msec| 213msec
finalimage 18 msec| 18 msec
framerates 15.9Hz | 4.33Hz

Table4.7: Testresultsfor the volumeof resolution256 x 256 x 225.

In the preprocessingjecomposinghe domainof viewing directionsinto 24 regions1.8%
of the voxels wereextractedfrom thelow resolutiondataset. For the high resolutionvolume
this percentageavas 0.9%. For the sale of comparison having the dataonly for 6 regions
preprocessethe extractionrateswere3.4% and1.8% respectiely.

Besidethe extractionof the boundaryoxels, the preprocessingime includesthe gradient
estimationandthe shadingif the surfaceis diffuse. The generatiorof the intermediatémage
consistof the voxel projectionin the shearedgpaceandthereal-timeshadingf the surfaceis
specularThefinal imageis producedrom theintermediateamageusinga 2D warp operation.
Sincethis procedurancludesthe scalingandthe renderingaswell, its run-time performance
dependdinearly ontheimagesize.

Figure4.16 and Figure 4.17 shav the rotation of an iso-surceshadedaccordingto the
Lambertand Phongmodelsrespectrely. Although the renderingof the tissueboundaryas
a diffuse surfaceis approximatelyfour timesfasterthanrenderingit asa specularsurface, it
assumeshatthelight sourcesarerotatediogetherwith the object. Theview-dependenPhong
shadinggivesa betterspatialimpressionsincethe objectcanbe illuminatedalwaysfrom the
viewing direction.
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Figure 4.16: Rotationof a skull usingLambertianshading
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Figure 4.17: Rotationof a skullusingPhongshading

Figure 4.18: Cuttingopeiations.
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Figure4.18showvstheapplicationof cuttingplanes.In theleft imagethevoxelsintersected
by thecuttingplanesarerenderedisinggray-scala@lensityvalueswhile ontherightimagethey
areconsideredransparenin orderto visualizetheinternalsurfaces.

| shadingmodel || Lambert| Phong|

xy-plane 83Hz | 23Hz
xz-plane 55Hz | 20Hz
yz-plane 55Hz | 20Hz
arbitraryplane| 47Hz | 15Hz

Table4.8: Frameratesusingdifferent cutting planes(volumeresolution:128 x 128 x 113).

Table 4.8 and Table 4.9 containthe frameratesfor the two differentresolutiondatasets,
when interactve cutting is used. The implementationof the axis parallel cutting planesis
optimizedasit is discussedn Section3.4. The framerateshave beenmeasuredalculating
theaveragerenderingimesfor all the possibletranslationf the planes.

| shadingmodel || Lambert| Phong|

xy-plane 17Hz | 6Hz
xz-plane 12Hz | 5Hz
yz-plane 12Hz | 5Hz
arbitraryplane| 10Hz | 4Hz

Table4.9: Frameratesusingdifferent cutting planes(volumeresolution:256 x 256 x 225).

4.3.7 Summary

In this sectiona fastiso-suraicerenderingmethodhasbeenpresentedwhich providesreal-
time rotationwithout usingary specializechardware. Therefore it canbe widely usedin 3D
diagnosticabystemsvenon low-endmachines.

Thebasicideais the extractionof potentiallyvisible boundaryoxels. The preprocessing
performedor 6 or 24 regionsof viewing directionsachiezing higherefficiengy thanothertech-
niqueswhich extractall the boundaryoxels. The surfacepointsarestoredin a datastructure
which supportsastsheaswarp projection. Sincein the shearedspacethe neighboringvoxels
areprojectedo neighboringpixelsholeswill notappeain theintermediatemage.Theimple-
mentationof zoomingis simplesincethe scalingfactorsarebuilt into the warp matrix which
transformgheintermediatemageinto thefinal image.

Dueto the directvolume-renderin@pproackcornventionalvolumeoperationsuchascut-
ting arealsosupportedThevoxelsintersectedy anarbitrarycutting planearerenderedising
the original densityvalues while the surfacepointsareshadedaccordingto the estimatechor-
malvectors.
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4.4 Normal estimationbasedon 4D linear regression

Thefastvolumerenderingalgorithmspresentedn Sectiord.1andSectiord.3have acommon
drawback.Becausef thelimitation of sheatwarpprojectionsupersamplingusingtrilinearin-
terpolationis notsupportedA low samplingratecancauseypical staircasartifactsespecially
whentheestimatiorof theoriginalgradientss notaccurateenough.n orderto compensatéhe
disadwantage®f rareresamplingjn this section,a new normalestimationschemas presented
which providesa smoothapproximatedyradientfunction[43].

4.4.1 Intr oduction

In directvolumerenderinghegradientsareusedfor shadingassurfacenormals.Thereforethe
guality of thegeneratedmageis stronglyinfluencedy theappliedgradientestimatiormethod.
Volumetricdatais usuallyobtainedby samplingcontinuousobjectsandafterthediscretization
theexactsurfacenormalsarenotavailableanymore. Thereforetheinclinationof thesurfacess
estimatednvestigatinga closeneighborhooaf a givenvoxel. A possibleway of evaluationof
differentnormalcomputatiortechniquess to discretizecontinuouggeometricaimodelsandto
compardheestimatedormalsto theexactoriginalones.Unfortunatelythis stratgy cannotoe
usedfor practicaldatasetsjike medicalCT scanssincetheexactnormalvectorsarenotknown.
In atypicalvolume,thereareno sharpedgesandthesurfacesarerathersmooth.Thereforepne
canexpectthatthe surfacesandthe contoursof differentorgansare displayedsmoothlywith
reducedstaircaseartifacts.In orderto fulfill thisrequiremenbur methodintegrateghefiltering
andthenormalcomputatiorinto oneprocess.

In [66] Yageloverviewns severalmethoddor discretenormalestimationandanalysegheir
performance.Dependingon the neighborhoodtonsideredihesetechniquesanbe classified
into two fundamentallydifferentcateyoriesasimage spaceandobjectspacemethods.

Imagespaceechniquesake only the2D neighborhoodin the projectedmageinto account,
thereforethey areview-dependentDepth-gadientshading[6][55] asarepresentate of image
spacamethodsapproximateshegradientfrom the z-buffer calculatingthedifferencedetween
the depthsof the given and the neighboringpixels. This approachproducessharpcontours
wherein the neighboringpixels differentobjectsare visible or wherethereis a drasticjump
betweerthe depthvalues.In orderto avoid this artifactcontext sensitivenormalestimationcan
be usedwhich takesalsotheseobjectandslopediscontinuitiesnto account.The basicideaof
this approactcanbe appliedto objectspaceechniques$oo[6§.

Objectspacemethodsestimatethe normalaccordingto the 3D neighborhooaf the given
voxel. Constantshading[24] which is basedon the cuberille methodis an early exampleof
this catggory. The voxels are consideredo be unit cuboids,and the normalsat eachpoint
of a boundarysurfacearethe true normalsof the correspondinguboidfaces.Normal-based
conttualshading25][3] is basednthecuberillemethodaswell. Thistechniqueadditionally
takestheorientationof theadjacenvisible facesnto accounincreasinghenumberof possible
normalvectorsandgiving abetteimpressiorabouttheinclinationof aboundarysurface.Gray-
level gradientshading[26][27] is usedfor volumes,whereeachvoxel represents gray-leel
value. The gradientvectorsare estimatedaccordingto the neighborhoodf the voxels using
traditional derivative filters [42]. Contetual shadingfits a local approximateplane[2] or a
biquadratic[61][62] function to the setof pointsthat belongto the sameiso-surbice. These
methodsaretime-consumingndlimited to a certainneighborhoodBryantandKrumvieda[2]
solveasetof linearequationdy Gaussiarliminationin orderto obtainanapproximatéangent
planeatagivensurfacepoint. Webbers technique[61][62]s similar, butin a26-neighborhood
the surfaceis approximatedoy a biquadraticfunction producingaccurateresultsfor objects
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with C* continuoudaces.

Accordingto our approachthe normal estimationis extendedto a 4D linear regression
problemand not restrictedto the approximationof aniso-surfice. In a local neighborhood
the densityfunctionis approximatedvith a 3D hyperplanetaking not only the surfacepoints
but all the neighboringvoxelsinto account,usingan appropriateveightingfunction. Sincea
planeis definedby a normalvectoranda translation,a 4D linear equationsystemis solved
in orderto minimizethe error of the approximation.This seemdo be morecomplicatedhan
the previous contextual shadingtechniquedut we will show thatit leadsto a computationally
efficient corvolution, thusthe linear equationdoesnot needto be solved usingthe traditional
time-consumingnethodsof linear algebraike Gaussiarelimination. Furthermorepur tech-
nigue providesnot only an estimatechormalvectorbut a translationvalueaswell, which can
be consideredhsafilteredvaluefor the givenvoxel location. By substitutingthe original den-
sity with thefiltered value,smoothsurfacescanbe displayedandthe staircasartifactscanbe
reduced.

4.4.2 Linear regression

Assumingthatthe origin of the coordinatesystemis translatednto the positionof the current
voxel, the densityfunction f(z,y, z) in a closeneighborhoodcan be approximatedinearly
accordingo thefollowing formula:

flz,y,z) " A-2+B-y+C-z+D. (4.5)

Thisapproximatiortriesto fit a3D regressiorhyperplaneontothemeasuredensityvalues
assuminghat the densityfunction changedinearly in the directionof the planenormaln =
[A, B,C]. Thevalueof D which is the approximatedensityvalue at the origin of the local
coordinatesystemdetermineshetranslationof theplane.

Evaluatingthis approximationfor the voxels of the local neighborhoodhe error can be
measuredisingthefollowing meansquareerrorcalculation:

26
E(A,B,C,D)=> wp- (A ax+B-ys+C -2+ D — fi)”. (4.6)
k=0

The coordinatesry, yx, 2, denotethe componentof the neighboringvoxel locationsin
the coordinatesystentranslatednto the centerof the subvolumerepresentinghe local neigh-
borhood. The measurediensityvaluein the kth voxel positionis denotedby f,. The error
of the kth samplecontritutesto the global meansquareerrorwith weightw,. Theweighting
functionis assumedo be anarbitrary sphericallysymmetricfunction,which is monotonically
decreasin@gsthedistancerom theorigin is gettinglarger.

Thek indicesareassignedo theneighboringsoxel locationsrow-continuouslyFigure4.19).
For the sale of clarity but withoutlossof generalitywe assumehatonly the 26-neighborhood
is taken into account. In this case,theindex k£ of voxel V,, , in the 26-neigborhooaf the
currentvoxel Vo o is definedas:

k=(z+1)-9+(y+1)-3+z+1. (4.7)

In orderto minimizethe 4D errorfunction E(A, B, C, D), the partialderivativesaccording
to thefour unknovn variablesA, B, C, D areinvestigated:

aE 26
a—A:2-Zwk-(A-:Ek-I—B-yk-i-C'Zk-i-D—fk)'ﬂﬁk, (4.8)
k=0
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Figure 4.19: Indexing of the neighboringvoxels.

aE 26
— =2-> wp-(A-zp+B-y+C-2+D— fp) -y, (4.9)
0B P
6E 26
—=2-> wp- (A2 +B-yp +C- 2 + D — fp) - 2, (4.10)
oC o
(9E 26
a—D:2-Zwk-(A-xk+B-yk+C-zk+D—fk). (4.11)
k=0

In aminimumlocationof the errorfunctionthesepartial dervativesareequalto zero. This
conditionleadsto the following systemof linearequations:

A > Wy [y,
| B | _ | X wkfeyk
Moo= > W fr 2k (4.12)
D > Wi fi

where
S weTh X WkTkYk X WeTkZe Y Wik
Mo | ZWkTkYE 2 WelYr X WkYkZk 2 Wklk
S WTrzk X WkYkZk 2 WkZp 3 WeZk
D WTE L WkYk 2 WgZk 2 Wk
Notethatthe elementsf the coeficientmatrix M areconstantsthusonly theright sideof
the matrix equationdepend®n the measured;, values.Assumingthatthe voxelsarelocated
at regular grid points, wherethe samplingdistanceis the samein the threemajor directions
the equationis further simplified. In this case the coeficient matrix M is a diagonalmatrix
sinceall the elementsexceptthe diagonalonesareequalto zerobecaus®f symmetryreasons
(xk, yr, z& € {—1,0, 1} andtheweightsw, aresymmetricto theorigin, thereforeeachnon-zero
termin the sumhasa pair with anoppositesign):

3wy} 0 0 0
_ 0 > wryp 0 0
M= 0 0 Swrzi 0 (4.13)

0 0 0 > Wk
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Suchalinearequatiorcanbesolvedvery easily sincetheinverseof thecoeficientmatrixis
alsoadiagonaimatrix containingn thediagonathereciprocalf theoriginal matrixelements.
Thusthe unknown vector|[A, B, C, D] is calculatedby weightingthe component®f the right
side.Let usintroducethefollowing weightsfor eachunknown variable:

1 1
Wp = y WB = =56 o
Ek 0 wkmk Ek 0 wkyk
1 1
Weo = , Wp = (4.14)
Ek 0 wkzk Ek 0 Wy

Thesolutionof the matrix equationleadsto a simplelinearcorvolution:

26 26
A=wa ) wpfexr, B=wp > wifey,
k=0 k=0

26 26
C= We Z wkszk, D = wWp Z wkfk. (415)
k=0 =

Assumingthatthe samplingdistanceslongthe threemajor axesarethe samethe weights
wy, wg, we areequalto eachother Thustheseweightscanbe ignoredsincethe estimated
gradient[A, B, C| hasto be normalizedarnyway in orderto obtaina surface normal of unit
length. The gradientmagnitudemight alsobe usedin the renderingstagefor emphasizinghe
boundarie®f iso-surfices.In this casethe weightsw 4, wg, we canbeignoredaswell, since
only therelative differencedetweerthe gradientmagnitudesreimportant.

Notethatthe valueof variable D is a normalizedweightedsumof the measuredaluesin
the local neighborhoodhusit canbe consideredasa filtered value. This is the resultof the
approximatiorin the origin of thelocal coordinatesystem(f (0, 0,0) = D). Togethemwith the
approximatenormalcomponentthesdilteredvaluesarestoredn anewly generatedolume.In
thisvolumethereis a strongcorrelationbetweerthe datavaluesandthe correspondingiormals
sincein the grid pointsthe error of the linear approximatiorwhich hasbeenassumedn the
normalestimationis minimal. Thereforein theray castingprocesghis volumeis usedinstead
of the original one. In a typical volume-renderingapplication,in orderto reducethe noise
in the datasetandto smooththe surfaceslow-passfiltering is used. This filtering processs
completelyseparatedrom the gradientestimation. In our approachthe smoothingand the
normalestimationare performedin onestepin a consistentvay, usingthe samefunction for
weightingthe contribution of the neighboringvoxels.

4.4.3 Interpolation

In directvolumerenderingthe approximategradientvectorsareusuallycalculatedn adwance
at the grid points, in a preprocessingtep. In the ray castingstage,a normal vector at an
arbitrarysamplepointis calculatedrom the gradientof the eightclosestvoxelsusingtrilinear
interpolation Whereverthereis abig differencebetweerthegradientsattheeightcornervoxels
of thegivencubiccell thetypical staircaseartifactsappear

In orderto avoid this problemthe linear regressioncanbe evaluatedat the samplepoints
alongthe viewing raysaswell yielding a continuousreconstructiorof the densityfunction.
Generallythe coeficientmatrix M in Equatiord.12will notbediagonabecaus®f theasym-
metricweights(the distancegrom the grid pointsof the neighborhoodredifferent). Further
morethe entriesdependon the position. Althoughthe solutionof the linear equationrequires
justa matrix multiplication, the evaluationof the inversecoeficient matrix is computationally
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ratherexpensve. This problemcanbe handledby dividing eachcell into subcellswith a reg-
ular subgrid(Figure4.20). The inversematrix is evaluatedin adwvancefor eachcornerpoint
of the subcells.This hasto be doneonly oncefor onegenericcell. In the ray castingprocess
trilinear interpolationis appliedfor the subcellswherethe normalsatthe cornerpointsarecal-
culatedusingthe precalculatednversematrices. This modificationprovidesa moreaccurate
approximatiorof the densityfunctionalthoughit increasesherenderingime.

| Iir:;ear regressign

| [~

|tri|inear interpolatioh

Figure 4.20: Subdivisiorof the original grid.

Anotheralternatve is to usetheapproximatinghyperplanesor densityinterpolation.First
a densityd, is computedfrom the filtered valuesat the eight closestgrid points (which are
thetranslationsf the approximatinghyperplanes)usingtrilinear interpolation. The obtained
value d, cannotbe larger thanthe maximumcornerdensityof a cubic cell. Takingalsothe
inclination of the surfaceinto accountanotherdensityd;, is calculatedhe following way. The
currentsampldocationis substitutednto theplaneequationsttheeightclosesgrid pointsand
d; is trilinearly interpolatedrom the obtainedvalues. Sincethis computations not restricted
to acubiccell, thevalued; mightbelargerthanthe maximumcornerdensitydependingnthe
influenceof the neighboringcells. In orderto samplethe densitiesalongthe raysan arbitrary
normalizedweightedsum g - do + (1 — po) - di canbe used. Increasingthe weight 14 the
influenceof the localinclinationis gettingstrongerandsetting, to oneresultsthetraditional
trilinearinterpolation.In our experimentsve usedthevaluey, = 0.5 in orderto interpolatethe
densitieswith a quadratidunction. It canbe consideredsanacceptableompromiseoetween
trilinear andB-splineinterpolation.

4.4.4 The weighting function

Theweightingfunctionw;, of the corvolution canbe anarbitrary sphericallysymmetricfunc-
tion which is, apartof the origin, monotonicallydecreasings the distancefrom the origin
is gettinglarger For example,the reciprocalof the squareof the Euclidean(or Manhattan)
distancecanbe usedfor weightingthe neighboringvoxels:

0if k=13
Wk = i otherwise, (4.16)

wheredy, is thedistanceof the kth neighboringvoxel from the centralvoxel. Notethatthe
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classicafradientestimatiorbasedn centraldifferencess thespecialcaseof ourmethodusing
thefollowing weightingfunction:

lifk=4o0rk =22

ork=100rk =16
4.17
Wk ork=120ork =14 ( )
0 otherwise.

Thurmer‘stechniqud56] whichhasbeenproposedor normalestimatiorin binaryvolumes
is alsoaspecialcaseof ourmethod.Accordingto thisapproachhe N,, N,, andN, components
of the estimatedhormalvectorarecalculatecaccordingo thefollowing formula:

2 26 26
Ny =Y wporze, Ny =D wpokye, N, = Y wpopzs, (4.18)
k=0 k=0 k=0

whereo, = 1 if thevalueof the kth binary voxel in the certainneighborhoods oneand
zerootherwise.Having a binary volumethe densityfunction f takesonly the valuesof zero
andonethereforen this specialcaseour methodprovidesthe samenormalcomponentslt can
beconsidere@sageneralizatiorf the previousnormalestimationtechniquesandcanbeused
for gray-scaleandbinary datasetsaswell. Furthermorepur approaclprovidesalsoa filtered
valuewhichis consistento theestimatechormalvector Substitutingheoriginaldensitieswith
thefilteredvaluesthetypical staircasartifactsof directvolumerenderingcanbereduced.

4.4.5 Implementation

The proposediormalestimationmethodhasbeentestedon binary and gray-scaledlatasets.
Figure4.21shows a binary volumeof resolution20 x 20 x 20 obtainedby discretizatiorof a
sphere.

(b) (c)

Figure 4.21: Normalestimationon binary volumedatausingcential differencega), Thirmer’s method
(b), andlinear regressionwheee pg = 0.5 ().

Image (a) was renderedcalculatingcentral differencesto estimatethe surface normals,
thereforethetypical staircaseartifactsappearin image(b), wherenormalsareestimatedrom
the26-neighborhoodf thevoxelsusingThirmersmethodhesurfaceis muchsmoothebutthe
contourof theobjecthasthe samediscontinuitiesasin image(a). Image(c) wasrenderedising
our method,wherethe regressionplaneat eachvoxel locationwascalculatedrom the voxels
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of the 26-neighborhoodAccordingto thelinearregressiorthe original datavaluesareallowed
to be modifiedin orderto minimize the error of the approximation.Thereforethe contourof
the objectis smoothermndapproximateshe original contourmuchbetterthanin the previous
two images. Processinginary volumes, Thirmers technique[56] and our methodprovides
exactly thesamenormalvectorsatthe grid points. Neverthelesstheintersectiorpoints,where
the normalsare evaluatedusingtrilinear interpolation,aredifferentsincethe linear regression
slightly changeghe original datavalues. Although the estimatechormalcomponentsrethe
samehesurfacein therightimageis muchsmoothesincethecalculatedntersectiorpointsare
closerto theexactintersectiorpointsof the sphereandtheviewing rays. Theseémagesclearly
shaw thatin renderingoinarydatasetsnotonly theestimatecdhormalcomponentsreimportant
but alsothe sampldocationswheretheinterpolatechormalsareevaluated.

Figure 4.22: A lobsterrendeed calculatingcential differencedor gradientestimation(a) andusing
linear regression(b).

Figure4.22 shows a gray-scaledatasetobtainedby a CT scanof a lobster The dataset
hasbeenrenderedtalculatingcentraldifferencega) andusinglinearregression(b) for gradient
estimation. Although, in image (b) somehigh frequeng detailsarefiltered, the contoursof
the differentpartsof the body are muchsharperthenin image(a), thereforethey canbe dis-
tinguishedmoreeasily For example,the locationandthe shapeof the legs canbe perceved
muchbetterin therightimageproviding strongerspatialimpressionin contrasttheleft image
containssomenoisyregions,wherethetopologyof the objectcannotberecognizedatall.

Having high resolutiondatasets, it is worthwhile to take a larger neighborhoodnto ac-
countfor the linear regressioncalculationwithout significantloss of high frequeng details.
Figure4.23shavsahumanskull sgmentedrom a CT scanof resolutior256 x 256 x 225. The
left imagewasrendereccalculatingthe normalsfrom the 3% neighborhoodvhile in the right
imagethe normalswere estimatedaccordingto the 43 neighborhood Note thatthe top of the
skullin therightimageis muchsmoothetthanin theleft oneandthe staircasartifactsareless
recognizablewhile in high-frequeng areaghereis no significantdifference.

Our methodhasbeentestedusing also complex transferfunctions. The imagesin Fig-
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Figure 4.23: Renderingpf a humanskull takingthe 33 (a) andthe4? (b) neighborhoodnto accountin
thenormalestimatiorusinglinear regression.

Figure 4.24: Renderingof thekidneys andthe skeletonusingcential differenceqa) andlinear
regression(b) for gradientestimation.
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ure4.24have beenrenderedvith anopacityfunctionemphasizinghe softtissueandthebone.
Usinglinearregressiorfor gradientestimation(b) ratherthancalculatingthecentraldifferences
(a)therenderedmageseemdo be morerealistichecausef theantialiasing.

4.4.6 Summary

In this sectiona new gradientestimationapproachhasbeenpresentedvhich is basedon 4D
linearregressionlt hasbeenshown thatit is worthwhileto usethe samefunctionweightingthe
contribution of theneighboringvoxelsfor filtering andfor gradientcomputatioryielding strong
correlationbetweenthe filtered datavaluesandthe estimatechormalvectors. Someprevious
normalcomputationtechniquesre specialcasesf our methodthusit canbe consideredasa
generalizedsolutionwith a clarified mathematicabackground.The presentedechniquecan
be usedfor gray-scaleandbinary datasetsaswell. Presious contextual shadingmethodsare
ratherexpensve computationallysincethey try to fit alinearor biquadratidunctionon the set
of surfacepointsandit requiresthe solutionof a systemof linear equations.In contrast,our

approaclapproximateshe densityfunctionitself with a 3D regressiorhyperplaneandit leads
to acomputationallyefficient corvolution.
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4.5 Interactivevolumerenderingbasedon a “b ubble model”

In this sectionaninteractve volumerenderingechniquds presentedavhichis basednanovel

visualizationmodel[11]. We call the basicmethodbubble modelsinceiso-surficesare ren-

deredasthin semi-transparemhembranesimilarly to blown soapbubbles. The primary goal

is to develop a fast previewing techniquefor volumetric datawhich doesnot requirea time

consumingtransferfunction specificationto visualizeinternal structures.Our approachuses
a very simplerenderingmodel controlledby only two parameters.The renderingprocesss

optimizedexploiting thatonly a smallpartof the datacontritutesto the generatedmage.Due
to theinteractve display fine tuningis alsosupportedsincethe modificationof the rendering
parameterbasanimmediatevisualfeedback.

4.5.1 Intr oduction

Basically therearetwo alternatvesfor high quality visualizationof volumedatasets.Oneal-
ternatveis iso-surficeextractionusingthe marching cubeq38] surface-reconstructiomethod
andthe otheroneis directvolumerendering[16][34]. Thefirst approaclrequiresatime con-
sumingpreprocessingn orderto generatea polygonalmesh. Although sucha meshcanbe
renderednteractvely usingcorventional3D graphicshardware,this methodis limited to cer
tain iso-surficesdefinedby modality-dependenthresholdparameters.Without ary a priori
knowledgeaboutthedatadistributionit is not obviouswhichiso-surbcesepresenthe content
of the volumebestwithout significantlossof information. Furthermorewheneer a threshold
valueis changedheentirereconstructiorprocessasto berepeated.

Anotheralternatve is direct volumerenderingwhich is a moreflexible approach.Theo-
retically, every singlevoxel contributesto the final image,thereforethe internalstructuresan
alsoberenderedIn practice,t is ratherdifficult andtime-demandingo specifyanappropriate
transferfunction. Becausef the exponentialattenuationthe objectswhich arehiddenby sev-
eralothersemi-transparertbjectsarehardlyrecognizable Evenif low opacitiesareassigned
to the voxels only a limited numberof semi-transpareriso-surficescan be renderedat the
sametime. Therearetechniqueso determineoptimalthresholdparameterautomatically[29],
and methodsfor effective transferfunction designalso exist [20][22]. The transferfunction
specificationhowever, is still data-dependengndoftenrequiresuserinteraction[30].

Physics-basedirect volumerenderingis alsolimited becausef the computationaktost.
Without usingary specializechardwaredevice, it is not possibleto rendera large volumedata
setinteractvely, althoughit would beratherimportantin transferfunctionspecificatiorto have
animmediatefeedback.

Application orientedvisualizationmodelslike maximumintensity projection (MIP)[49],
local maximumintensityprojection(LMIP)[50], or frequeng-domainvolumerendering[57],
[37] do not needtime-consuminguserinteractionto specifythe renderingparametersNever-
thelessthey alsosuffer from computationatostandthey arelimited to the medicalimaging
applicatiorfield. UsingMIP, someinternalfeaturesanbehiddenby higherdensityregionsand
usingFouriervolumerenderingwhichis equivalentto densityaccumulationsimilar problems
arise.

Theapplicationof well-known non-photorealisticendering NPR) technique$48][32][19]
is anew directionin volumerenderingesearchPreviously, theseNPRmethodshave beenpro-
posedfor polygonalsurfacemodels,thereforetheir applicationto iso-surbicesextractedfrom
volumedataseemdo beobvious. Interrantg 28] usegrincipal-directiordriven3D line integral
convolutionfor illustratingsurfaceshapesn volumedata.SaitoproposesnNPRtechniqueor
real-timepreviewing of volumes[47]. His approachs alsorestrictedto aniso-surbice,where
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the surfaceis uniformly sampledandthe samplepointsare projectedonto theimageplaneas
geometricaprimitiveslik e crosslines. The orientationof theseprimitivesdependson the lo-
calinclination of the surface. Ebert[18] proposesa volumeillustrationframeavork combining
directvolumerenderingwith NPRtechniquesMost of the featuresof their generaimodelare
gradientandview-pointdependentCurrentvolumerenderinghardwaredevicesdo not support
this modelsointeractve renderings notpossible.

In a certainsensepur methodcanalsobe considerecdasanNPRtechniquesincewe do not
concentraten physicallyplausiblerendering.Our major goalis to avoid a visual overloadof
thegeneratedmageandpreferablyto renderinteractvely all theimportantdetails.

4.5.2 The “bubble model”

Usingacertainvolumerenderingapplicationespeciallyin themedicalimagingareaijt is rather
importantto reducethe time of the userinteractionwhich is necessaryo tunethe rendering
process.For instance a radiologistapplyinga 3D diagnosticakystemusually doesnot have
too muchtime to find the mostappropriatéransferfunction.

In orderto avoid a time-consumingspecificatiorof renderingparametersindto developa
techniqudor fastpreviewing of volumetricdatawe usea simplifiedvisualizationmodelcalled
bubble model The mainideais to rendersereral iso-surficesas thin membranesimilarly
to the visual appearancef soapbubbles. We do not aim at a physically plausiblemodel,
thereforeghespectrakffectsarengglected. Themostimportantfeatureof themodelis thatsuch
thin membraneslo not hide too muchinformationbehindthem. In traditionaldirect volume
rendering[40], becausef the exponentialattenuatioronly a limited numberof iso-suraces
canberendereditthesametime. Decreasinghe opacityassignedo aniso-surfice the objects
behindit becomemorevisible but its own visualcontribution is reducedaswell.

Takingtheseaspectinto accountve proposehefollowing simplifiedrenderingnodel. The
“surfacenessbdf avoxelis characterizethy the gradientmagnitudeat the voxel position.If the
gradientmagnitudes high thenthe voxel belongsto aniso-surbiceratherthana homogeneous
region. Thegradientvectoris estimatedy calculatingcental differences

1 (f($i+1, Y, Zk) - f(ffz'—l, Y, Zk))
V f(@i, y5, 2) & 3 (f(zs, yj41,26) — f(Ti,y5-1,21)) |, (4.19)
(f(xza Yij, Zk:-l—l) - f(xza Yj, Zk:—l))

where f(z, y, z) is the spatialdensityfunction. In orderto avoid the staircaseartifactsof
thisapproximatioramoresophisticatedradientestimatiormethod43] canalsobeusedbut it
increaseshepreprocessingme aswell. After having thegradientvectorscalculatedppacities
proportionalo the gradientmagnitudesreassignedo the voxels:

ali, j, k) = |V f(xi, y5, 2)] - 5, (4.20)

where«(i, j, k) is the opacity of voxel v(z, j, k) and s is a constantscalingfactor This
ideais similarto Levoy’s approact{34], who proposecdh 2D opacityfunctionweightedby the
gradientmagnitudesn orderto enhanceheiso-surfices.In contrastwe useonly a 1D opacity
functiondependingn gradientmagnitudesatherthandensityvalues. This simplificationhas
a specialvisual effect andit will be exploited in the interactve renderingmethoddiscussed
later Unlike the corventionallight transportequation34] we do not assignown colorsto the
voxels. In this sensethe voxelsdo not have a light reflectioncontribution. We assumeonly a
constanambientbackgroundight, andeachvoxel with non-zeragradientmagnitudeattenuates
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this backgroundight. Thus,eachpixel intensityis calculatedasanaccumulatedransparenc
multiplied by theambientlight.

This so calledbubble modelcanbe consideredasa simplified specialcaseof the general
opticalmodelpresentedby Max [40]. We will shav thatthe simplificationhasseveraladwvan-
tages.Dueto the opacityfunctionweightedby the gradientmagnitudeghe numberof voxels
contributingto theimageis reducedthereforehevisualoverloadcanbeavoided. Furthermore,
thedatareductioncanbe exploitedin the optimizationof therenderingorocedureLastbut not
least,the userinteractionfor tuningtherenderingparameterss shorterandbecausef the fast
displayanimmediatevisualfeedbacks ensured.

—_ image plane

- iso-surface

PN
A NI
// \\

Figure 4.25: Opacityaccumulatiorin thebubblemodel.

Figure 4.26: A CT scanof a toothrendeed usingthe bubblemodel(a) andthe combinednodel(b).

The visual effect is illustratedin Figure 4.25. Thoseviewing rayswhich are nearlytan-
gentialto the iso-surbcehave a longerintersectionsggmentwith the region of high gradient
magnitudesthereforethe correspondingaccumulatedransparengcis lower. The raysnearly
perpendiculato theiso-surcehave minimal attenuatiorbecaus®f the shortintersectiorseg-
ment, thus from theseviewing anglesthe backgrounds just slightly occluded. This model
effectssharpsilhouettelines at the objectboundaries This is similar to the visualappearance
of ablown soapbubble,wherealmostjustthesilhouettesarevisible. Neverthelessthe smooth
transitionat the boundariescharacterizeshe inclination of the surfaceimproving the spatial
impression.Figure4.26ashavs the CT scanof atoothrenderedisingthe bubblemodel. Note
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that,you canseeall the importantdetailsthe nervesandthe completeinternalstructureof the
tooth.

Thebubblemodelcanbecombinedwith traditionalsurfaceshadedlisplay In orderto avoid
thevisual overloadof the generatedmagewe proposeonly oneadditionalshadedso-surfce.
Theviewing raysareevaluatedaccordingo thefollowing algorithm:

double RayCasting(Vol ume volume, Vec3D origin, Vec3D direction) {
double transparency = 1.0;
for(i =0, i <imax; i++) {
Vec3D sample = origin  + direction *
Voxel voxel = volume.Resampl e(s anpl e);
if(voxel.densit y > threshold)
return  Shading(voxel) * transparency;
else {
double opacity = voxel.gradient _magni tud e * scaling_factor;
transparency *= 1.0 - opacity;
}
}

return  ambient_light * transparency;

The upperformal ray-castingroutine resampleghe volume along a viewing ray defined
by parameter®rigin anddirection In eachsamplepoint the densityvalue andthe gradient
magnitudearecalculatedrom theeightclosestvoxelsusingtrilinearinterpolation.If thedensity
is greateithana predefinedhresholdthenthelighting conditionsareevaluatedandthefunction
returnsgheshadedolorof thehit intersectiorpointmultiplied by theaccumulatedransparenc
Otherwisethe opacityof the currentsampleis multiplied by a scalingfactor (denotedby s in
Formula4.20) and contributesto the accumulatedransparengc If the ray doesnot have an
intersectionpoint with the iso-surbicedefinedby the thresholdthenthe function returnsthe
ambientlight multiplied by the accumulatedransparenc This approachassumeghat the
internalstructureshave higherdensities)ik e the bonein medicalCT datasets. Generally we
canalsouseaconfidencenterval [t — ¢, t + €] aroundthreshold to definethevoxelsbelonging
to aniso-surfce.

Theimagein Figure4.26bhasbeengeneratedisingthe combinedmodel. The upperpart
of thetooth hasthe highestdensityvalues thereforesettingan appropriatehresholdt canbe
renderedeparatelysinganarbitraryshadingnodel. Theroot of thetoothhasbeenvisualized
applyingthe bubblemodel.

Figure4.27shavsa CT scanof ahumanbodyrenderedisingthe bubblemodel(a) andthe
combinedmodel(b). Theseimagesalsocontainalmostall the internaldetailslik e the lungs,
theribs, the spineandthe pelvis. In theright imageit is illustratedthatoneadditionalshaded
iso-surfceis really a usefulextensionof the basicmethodsincetherecanbe organswith less
drasticdensitytransitionsat the boundaries.For instance the kidneys represensucha case,
which canbe easilyrenderedisingsurface-shadedisplay

4.5.3 Interactiverendering

In this subsectiorwe presentan interactve renderingtechniquewhich supportsour extended
bubblemodel. This methodis similar to thefastsuriacerenderingalgorithmpresentedn Sec-
tion 4.3. Thefirst stepis a preprocessingwhereat eachvoxel locationa gradientvectoris
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Figure4.27: A CT scanof a humanbodyrendeed usingthe bubblemodel(a) andthe combinedmodel

calculated Afterwards,we extractthe voxels having highergradientmagnitudeshana prede-
fined thresholdvalue. This resultsin a sparsevolumewhich is storedin an appropriatedata

structureoptimizedfor fastsheaswarp projection[31].
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Figure 4.28: Thedatastructue storingthe spasevolume

Forthesale of clarity but withoutlossof generalitywe assumehatthe principalcomponent
of theviewing directionis the z-coordinateandtheresolutionof thevolumeis X x Y x Z. In
this casethe sparsesolumeis storedin a datastructurellustratedin Figure4.28.

The extractedvoxels are storedsortedby their z-coordinates.The voxels having the same
z-coordinateare storedin variablelengtharrays,wherethe lengthdependsn the numberof
voxels extractedin the given z-slice. The entriescontainall the informationnecessaryor the
renderingprocesslik e the density coordinates: andy (the z-coordinates storedimplicitly),
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the gradientmagnitude andthe gradientdirection. The gradientdirectionis requiredfor the
view-dependenshadingof aniso-surfice. This is representedly twelve bits, wherethe upper
andlower six bits storethe two polar coordinatesof the gradientdirection. This is usedas
an addressnto a lookup table, which containsthe precalculatedshadedcolorsundercertain
lighting conditions.Wheneertheviewing directionor thelighting conditionsaremodifiedthe
lookuptablehasto berefreshed.

The addressesf thesearrayscontainingthe voxelswith the samez-coordinategrestored
in a separateointerarrayof size Z. The extractedvoxels are mappedonto the imageplane
usinganefficientsheatwarp projection[31] (Figure3.1).

Thevoxelsareprojectedontotheintermediatemageplanein back-to-frontorder Initially,
the pixel valuesof theintermediatemagearesetto theintensityof the backgroundr ambient
light. Thecurrentpixel valuesaremultiplied by thetransparengcof the projectedvoxel. When-
ever the densityof the projectedvoxel is higherthanthe densitythreshold(defining a fully
opaquaso-surbiceto beshaded)thecurrentpixel valueis overwrittenby its shadecaolor. The
shadedcolor is readfrom a precalculatedookup table, usingthe twelve-bit representatioof
thegradientdirectionasanaddress.

After having the intermediatémagegeneratedihe final imageis producedby a 2D warp
operationn thesameway asit hasbeenexplainedin Sectiord.3.

4.5.4 Implementation

The previously presentednteractve renderingtechniquehasbeenimplementedn C++ under
Windows NT andhasbeentestedon a 400MHz PentiumPC with 512M RAM. The interface

of the applicationis shavn in Figure4.29. The two renderingparametersthe opacityscaling

and the thresholddefining a shadediso-surtice, can be controlledby two sliders. Because
of the fastrenderingprocedureanimmediatevisual feedbackis ensured.The imagecanbe

rotatedoy moving themousepointeronthedisplaywindow usingthedraganddropcorvention.

Table4.10showvstheframeratesfor differentdatasets.

| volume || resoluton | datareductionrate | framerates |
tooth 256 x 256 x 161 3.48% 20.37Hz
body 202 x 152 x 255 16.89% 14.26Hz
smallhead || 128 x 128 x 113 25.19% 9.32Hz
big head || 256 x 256 x 225 16.91% 2.58Hz

Table4.10: Datareductionratesandframeratesfor differentdatasets.

Figure 4.30 shaws the front and side views of a humanheadrenderedusing the bubble
model(a, c) andthe combinedmodel(b, d).

4.5.5 Summary

In this sectiona new interactve volumerenderingtechniquehasbeenpresentedWe proposed
a simplifiedvisualizationmodelthatwe call bubblemode) sincetheiso-suraicesarerendered
asthin semi-transparennembranes.Our opacity function weightedby gradientmagnitudes
reduceghe numberof voxels which contrikbute to the final image. Suchan opacity mapping
hastwo advantages.On one handthe visual overloadof the imagecanbe avoided, without
significantlossof information. On the otherhandthe datareductioncan be exploited in the
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Figure 4.29: Thegraphicsinterfaceof theapplication.

optimizationof therenderingprocessWe proposeour modelfor fastvolumepreviewing, which
doesnot requirea time-consumindransferfunction specification.The renderingprocedurdas
controlledby only two parameteranddueto the optimizationanimmediatevisualfeedbacks
ensured.Sinceour acceleratiortechniques a puresoftwarebasedmethodit doesnotrely on
ary specializechardwareto achiere interactve framerates.
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Figure 4.30: A CT scanof a humanheadrendeed usingthe bubblemodel(a, c) andthecombined
model(b, d).



Chapter 5

Conclusion

In this thesisseveral fast volume-renderingechniqueshave beenproposedmainly for inter-
actve medicalapplications.It hasbeenshawn thatit is not necessaryo useary specialized
hardwarein orderto achiere highframeratesevenonlow-endmachinesThis papercontributes
thefollowing new results:

1. In Sectiord.1abit-parallelbinary shearingalgorithmhasbeenpresentedThisis agood
examplefor the interactionbetweerthe hardware-base@nd software-onlyresearchdi-
rections.Previously asimilarmethodcalledincrementablignmenthasbeenproposedor
reducingthe communicatioroverheadn a large multi-processoarchitecturesupporting
real-timevolumerendering It hasbeernshavn, thatverysimpleoperationsik e shifting of
voxelsin abinaryseggmentatiormaskcanbe performedefficiently in aparallelway using
a corventionalsingle-processoarchitecture.Exploiting the bitwise integer operations,
the ALU canbe usedasa parallelmachineprocessingsereral voxels at the sametime.
Using the binary shearoperationtogetherwith an appropriatdookup table mechanism
theemptysegmentsalongtheviewing rayscanbe preciselyskipped.

2. In Sectior4.2it hasbeenshowvn thatthebinarysheatransformatiorcanbe usednotonly
for fastskippingof emptyregionsbut for acceleratednaximumintensity projectionas
well. Applying an efficientintensityencodingschemeogetherwith the binary shearing
algorithm, the rays can be encodedby a sequencef bytes. Thesebytesare usedas
addresseo lookup tables,storingthe codesof the densityintervals which containthe
maximumdensityin the givenray sggment. Thereforejt is easyto determinehoselow
intensityray segmentswherethe computationallyexpensve resamplingloesnot have to
beperformed.

3. In Section4.3 a fastdirect surface-renderingechniques proposed.In orderto reduce
the numberof voxelsto be processea recursve visibility calculationis performed.The
domainof viewing directionsis decomposedhto differentregionsandfor eachregion
only thoseboundaryvoxels are extractedfrom the volume which are potentially visi-
ble. The extractedvoxelsarestoredin view-dependentlatastructuresoptimizedfor fast
sheatwarpprojection. Theappropriatelatastructures selectedn therenderingprocess
accordingto the currentviewing direction. The extractedboundaryoxels areprojected
ontotheimageplanein back-to-fronto ensureniddenvoxel removal. Thepresentedech-
niquealsosupportsnteractve cuttingoperationdecausef thedirectvolume-rendering
approach.

4. The fastsurface-renderindgechniquepresentedn Section4.3 mapseachvoxel to one
pixel becausef efficiency reasons.Sucha projectionprovidesapproximatelythe same

77
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imagequality asafirst hit ray casterusingnearesneighborresampling.Becausef the
sparseresamplingstaircaseartifactscan appearin the image. In orderto compensate
this dravbackinsteadof the centraldifferencesa more sophisticatedchormalestimation
schemecanbeused.In Sectiord.4anew gradientestimatiormethodhasbeenpresented
which is basedon 4D linear regression Sincethis methodtakesa larger voxel neigh-
borhoodinto accountto estimatethe inclination of the surfacea smoothapproximated
gradientfunctioncanbeobtained.

5. In Section4.5 afully interactve volume previewing techniquehasbeenpresentedit is
basednanovel simplifiedvisualizatiormodelcalledbubblemodel Theiso-surbcesare
renderedsthin semi-transparembembranesimilarly to blown soapbubbles.According
to this modelonly thosevoxels contrikute to the imagewhich belongto aniso-surfce.
The “surfacenessis measuredy the gradientmagnitude thereforethe surfacevoxels
canbe easilyextractedfrom the original volumeby a simplethresholding.This datare-
ductionhasseveral advantages.On one hand,the visual overloadof the imagecanbe
avoided,andthe occlusionof internalstructuress alsoreduced.On the otherhand,the
datareductioncan be exploitedin the renderingprocess.Furthermorepecausef the
simplifiedvisualizationmodela time-consumingdransferfunctiondesignis not required
sincetherenderings controlledby only two parametersTheseparametersanbeinter-
actively modifiedbecausef theoptimizedrenderingprocedurethusanimmediatevisual
feedbacks ensured.
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