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ABSTRACT

In this paperwe introduceGPU particletracing for the visualiza-
tion of 3D diffusiontensor elds. For abouthalf amillion particles,
reconstructiorof diffusiondirectionsfrom thetensor eld, timein-
tegrationandrenderingcanbe doneat interactive rates. Different
visualizationoptionslik e orientedparticlesof diffusion-dependent
shapestreamniinesor streantubesfacilitatetheuseof particletrac-
ing for diffusion tensorvisualization. The proposedmethodspro-
vide ef cient andintuitive meango shav thedynamicsn diffusion
tensorelds, andthey accommodattheexplorationof thediffusion
propertief biologicaltissue.

CR Categories: 1.3.8 [Computing Methodologies]: Computer
Graphics—Applications—J.3 [ComputingApplication]: Life and
Medical Sciences—I.3.7 [ComputerGraphics]:Methodologyand
Techniques—Interactiofechniques;

Keywords: Diffusion TensorsDynamicVisualization,GPU Par
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1 INTRODUCTION

Thediffusionpropertiesof biologicaltissuecanbe measuredising
diffusion tensormagneticresonancemaging (DT-MRI) [1]. The
imaging procesgevealsthe diffusion of watermoleculesdepend-
ing on the shapeandorientationof tissuecells, i.e. within brous
materiafthediffusionis anisotropiovhile thereis anequaldiffusion
probability in real matterof othertypes. The diffusion probability
is characterizedby a secondordertensor which describeghe de-
ection of amolecularpathway asafunctionof spatialposition.

Approachego visualizethediffusionin realtissuecanbeclassi-
ed into two majorcateyories:glyph-basedechniqueseveallocal
variationsin diffusion tensor elds by mappingtensorproperties
like de ection or diffusion probability to the shapeor appearance
of graphicalprimitives,i.e. ellipsoids[10], compositeshapeg15],
or superquadric§8]. In contrast,directionaltrackingof massless
particlesalongthe mostprobablediffusiondirectionsin tensor eld
data[4] allows for the classi cation of anatomicalstructuresge.g.
the white matter ber tracks. Differentgeometricrepresentations
like streamlines [14, 12] and streamtubes[17, 3], or streamsur
faceq17, 13] have beenemployedto visualizethesestructuresTo
improve the quality andstability of suchtrackingtechniquesreg-
ularizationand ltering approachef, 18, 5] alongwith heuristics
to determinethe mostprobabledirections[14, 18] have beenpro-
posed. Dedicatedcolor and opacity mappingschemego visually
enhancearticularfeaturesn diffusiontensordatahave beenpre-
sentedn [14, 7, 15, 8].

While tracking basedtechniquescan effectively visualizelocal
featuresin tensor elds, glyph-basedmagingtechniquedor visu-
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alizing 3D elds cansuccessfullyillustrate the global behaior of
such elds. However, it is dif cult whenusingsuchmethodgo ef-
fectively controlglyph density shapeandappearancen away that
depictsboth the direction structureof the diffusion and the diffu-
sion magnitude.Neitherof thesetechniquesllows for interactve
explorationof largetensor elds, andthey typically fail to visualize
andto monitorthediffusiondynamicsn realtissue.

In this paperwe proposeaninteractie techniquebasecbn GPU
particletracingfor tensor eld visualization.This methodcandis-
playthedynamicsf largeparticlesetsin ow elds, andit canthus
be usedto monitorthediffusionin biologicaltissuein realtime. A
numberof visualizationoptionslik e orientedtexture splats,stream
linesandstreamtubesprovide the userwith an effective meandor
thevisualanalysisof 3D tensor elds givenon a Cartesiargrid.

2 DIFFUSION TENSORS

Thesecondrderdiffusiontensorcanbe expressednathematically
asa3 3symmetricsemi-positve matrix:

1
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Froma physical point of view, thetensorD describeshe proba-
bility densityfor the de ection of molecularpathwaysin diffusive
tissue. Following the commonclassi cation, diffusiontensorscan
be representeds ellipsoidswith main, medium,and minor axes
correspondingo theeigervectorses, e, e3 —with respectie eigen-
values/; I, |3 —of thetensor Therelative differencesbe-
tweenthe eigervaluesarerelatedto the anisotopy of thediffusion.
Threebasictypesof anisotroy areusuallyconsideredn the liter-
ature(seeTablel). A thoroughdiscussiorof diffusiontensorsand
otherderived quantitiescanbefoundin [8, 16].

Table 1: Classi cation of diffusion tensor anisotropy.

Name Coefcient
linear g= 1t T2
/]_ + 12 + 13
planar ez A2 13
Po L+ 1o+ 15

spherical 33

CS:/1+/2+/3

Besideghe mappingof local anisotropy to the shapeof geomet-
ricalicons,anumberof differentcolorencodingschemefiave been
proposed:

RGB = (m; m; Ag) @)



RGB = (J4 FA Ag) (3)
RGB = (; cp; Cs) (4)
RGB = FA(jeyj; jeyi; jewl) ®)
RGB = RA(jeyj; jey; jeyl) (6)

Here, the coefcients m, np, Az, Ja, FA, RA are computedas
follows:

m = %é li; 1% centralmomentof eigervalues,
m = 3za(; m)2%;  2"d centralmomentof eigevalues,
Az = %p%)?) ; skewnessof eigervalues,

Jy = & Ié;_ invariantof tensorD,

FA = {% %, fractionalanisotrop,

RA = ;% ; relative anisotrofy

3 GPU PARTICLE ENGINE

To interactvely explorethedynamicsin 3D diffusiontensor elds,
we emplgy a particle systemfor visualizingsteady3D ow elds
on Cartesiargrids [9]. We exploit featuresof recentgraphicsac-
celeratordo adwectparticleson the GPU, saving particlepositions
in graphicsmemory andthensendingthesepositionsthroughthe
GPU again to obtainimagesin the frame buffer. By using this
functionality particletracingin Cartesiargridscanbeentirelyper
formed on the GPU without ary readback to applicationmem-
ory. This approachallows for interactie streamingandrendering
of millions of particles,andit enablesvirtual explorationof high
resolution elds. In the currentscenariothe ability to displaythe
dynamicsof large particlesetsusingvisualizationoptionslik e ori-
entedtexture splats,streamlines, andstreamtubesprovidesanin-
tuitive meansfor the visual analysisof 3D tensor elds thatis far
beyond existing solutions.

Particle adwection is performedin the fragmentunits of pro-
grammableGPUs. During particle tracing, particle positionsare
subsequentlyeadfrom the currentparticlecontainerandtheresult
of theadwectionstepis written to anadditionalcontainer Contain-
ersareinternally storedas 2D texture maps. The vector eld data
is storedin the RGB color componentof a 3D texture. To dis-
play particle primitives, a vertex array containingasmary entries
asthereareparticlesis rendered.This arrayresidesn local GPU
memory In theGPU's vertex units,respectie particlepositionsare
fetchedfrom thecurrentparticlecontainerandvertex positionsare
displacedaccordingly This is accomplishedisingfunctionality in
ShadeModel 3.011].

Theparticleengineprovidesdifferentvisualizationoptions.Ori-
ented3D iconscanbesimulatedby renderingexturedpoint sprites
in combinationwith a texture atlas. For every icon this atlascon-
tainsa setof pre-computediews, of which the onemostsimilarto
the actualview is rendered.In addition,the tracesof particlescan
be storedand usedto renderstreamlines, streamballs or stream
tubes.

4 TENSOR VISUALIZATION USING PARTICLE TRACING

To usetheGPUparticleengineg(seeFigurel) for tensoreld visual-
ization,a numberof data-speci cextensionshave beenintegrated.
In particular the directionvectoralongwhich a particleis traced
rst hasto bereconstructedrom thetensor eld. The basicdiffer-
enceshetweemarticletracingin ow elds andin tensor elds are
illustratedin Figure2.

In thefollowing, thespeci c extensionsve haveintegratedto ac-
commodatahe useof particletracingfor tensor eld visualization
aredescribed:
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Figure 1: The work cycle of a general particle engine. The advection
subsystem takes an initial position, and a vector eld to generate a
new position which is used for rendering. In the next time-step the
initial position is replaced by the advected position and the whole
process is repeated from the beginning.
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Figure 2: Differences between particle tracing in a vector eld and in
a tensor eld. Note that the advection of a particle in a tensor eld
as proposed in [14] requires both the current and the last particle
direction.

The six distinct entriesof the diffusion tensorare storedin
two 3D RGB texturemaps.Becauséardwareacceleratedri-

linearinterpolationof 32 bit oating pointtexturesis notsup-
portedonrecentGPUs weusel6bit oating pointtexturesin
the currentimplementation|f this precisionis not sufcient,

hand—codednterpolationof 32 bit oating point valuescan
beperformedn afragmentshaderAs shavnin [9], thisonly
resultsin aslightdecreasén performance.

At every particle position, the tensoris tri-linearly interpo-
latedfrom thetwo 3D texturemaps.

To derive a vector eld for particletracing, at every particle
positionthe eigen-decompositionf the resampledensoris
computedon the y 1. Therefore,onthe GPU we have im-
plementeda non-iteratve analytical algorithm proposedby
Hasanet al. [6]. If the tensoris not positive-de nite or if
its eigervaluesaredegeneratgequalto eachother),the prop-
agationprocesss terminated.

For the renderingof textured particle sprites, two differ-
ent texture atlasesfor tensor visualization have been de-
signed. The rst atlasextendsthe oneproposedn [9] about
an additionalscalingfactorusedto emphasizehe diffusion

1The interpolationof precomputeckigervectorsand eigervaluesdoes
notallow for a consistentomputatiorof diffusiondirection[8, 18].



anisotrofy ca = ¢ + cp. The secondone containsprecom-
putedviews of shortstreamtubesat differentorientationand
size. By texturing particle spriteswith the imageof the re-
spectve view — scaledaccordingo thetensorattributes— the
appearancef closedstreamtubescanbe simulated.

Becausearticletrackingin 3D tensor elds alongthelargest
eigervectorof thetensorcanleadto ambiguousesults(oppo-
site eigervectordirectionsarebothvalid), the outgoingparti-
cle directionis computedasa linear combinationof the de-
ected incomingdirectionandthe principal eigervector[14].

A numberof different criteria to stop particle propagtion
have beenintegrated [8]. In particular if the fractional
anisotrop is lessthana given threshold,a particle traceis
stopped. In addition, if the fractional anisotroy is above a
threshold,t is usedto modulatethe particletranspareng In
this way, particlescan be fadedout continuouslyin nearly
isotropicregions.

The usercaninteractively selectand changetensorspeci ¢

parameterssuchasthe color mappingschemethe threshold
of thefractionalanisotroy usedto fadeout particles,andthe
propagtionalgorithm(alongthe largesteigervectoror along
thede ecteddirection).

5 RESULTS

All of our experimentshave beendoneon a NVIDIA QuadroFX
4400graphicscardequippedwith 512MB videomemory Render
ing was performedinto a viewport of 1280 1024 pixels. In this
sectionwe shav screenshotef the dynamic 3D tensor eld vi-
sualizationincluding variousvisualizationoptions. Although the
imagesalreadyshaw the functionality of the particle engine,we
shouldnoteherethattherealbene t of the presenteépproachs a
lot moreapparentn theaccompaying video.

Table 2 givestimings for the advection and renderingof par
ticles. Timings in the secondcolumninclude all operationsthat
are carried out until updatedparticle positions are available in
the current particle container i.e. tensor interpolation, eigen-
decompositiorandparticleadwectionusingEuler integration. The
third andthe fourth columnsinclude timings for the renderingof
diffusion-alignedpoint sprites. To demonstratehe dependeng of
performancedrom the numberof generatedragments differently
sizedspritesare used. The last columnshaws the time thatis re-
quiredto reconstructdifferentamountsof streamlines of length
100. In all thesetests,a 256° tensordataset (canineheart)was
visualized.

As canbeseengvenfor largeparticlesetsthe GPUimplementa-
tion still allows for theinteractize explorationof tensor elds. It is
interestingo note,thatwith increasingragmentsizetherendering
stagequickly becomedragmentbound. Moreover, the numberof
generatedragmentsstronglydepend®n viewing parameterssuch
as eld of view, the distanceof particlesto the camera. As it is
ratherdif cult to provide preciseand meaningfultiming statistics
for differentamountsof particlesin combinationwith differently
sizedpoint sprites,we give speci c timings for all the generated
imagesshown in the following. Also, sincefor bers the number
of adwectionstepsis proportionalto their length,the approximate
time for trackingandrenderinga ber of an arbitrarylengthcan
be computedasthe time neededor onesegmentmultiplied by the
numberof sggments.

In contrastto previous approachesyhereonly the nal render
ing of precomputedntitiescanbe doneinteractiely, the proposed
methodprovidesanevenmoreintuitive meando explorehighreso-
lution diffusiontensorelds. In particulartheusercaninteractvely
selectthe seeddensityof particlesaswell asparameterspeci c to

particles | adwectiononly orientedsplats lines | length100
1 1pixels [ 7 7pixels
647 1434 700 470 64 130
128 343 185 123 128 100
256 83.2 43.7 28.8 256 78
512 19.4 8.4 59 512 55
1024 4.2 2.0 1.6 1024 38

Table 2: Application performance in frames per second, for different
amounts of particles and for stream tubes each consisting of 100
segments.

the propagtion process.By usingtheseoptions,pathwayscanbe
visualizedat almostarbitraryresolution.The adwectionof oriented
particlesallows for the simultaneougxplorationof bothlocal and
globaldiffusiontensorproperties Fiberstructurecanbe obsened
without that particle positionshave to be connected.Evenin still
imagesthe brous structuredn the investigatedtissuecanclearly
beseen.

Figures3 to 9 shav a numberof examplesthatweregenerated
using the presentedparticle engine. Two datasetswere usedto
demonstrateahe effectivenessof particle tracking for tensor eld
visualization:ahumanbraindatasetof resolution148 190 160
and a canineheartdataset of resolution256 256 256. Both
datasetsconsistof six diffusion tensorcomponentsand an addi-
tional con dencevalue pervoxel. Differentvisualizationoptions
andcolor mappingsvereselectedo emphasizgarticulardiffusion
propertiesandanatomicaktructuresn thesedatasets.In all exam-
ples,visual explorationwas performedin real-time,thusallowing
for aneffective andintuitive analysisof biologicaltissue.

In Figure 3 coloredpoint spritesof size5 5 pixels wereren-
deredto visualizethe humanbrain dataset. The FA-basedcolor
mappingschemgequation5) wasused.By fadingout particlesin
regionsshaving low anisotrop, highly anisotropidrainstructures,
suchascorpuscallosum,coronaradiataand pyramid, areempha-
sizedandcanclearlybedistinguishedn the generatedmage.

Figure 3: Visualization of the diffusion tensor eld measured in a hu-
man brain. Below a given anisotropy threshold the transparency of
rendered particle primitives is inversely proportional to the measured
anisotropy. In this way, particles in regions of low anisotropy are con-
tinuously faded out. 64K particles of size 5 5 pixels were rendered
at roughly 40 frames per second.

In Figure 4, diffusion-dependenbrientedspriteswere usedto



rendera closeup view of the coronaradiata.Accordingto the FA-
basedcolor mappingschemean optic tract canbe clearly distin-
guishedby greencolor. To generatéheimage,64K pointspritesof
size45 45pixelswererenderedat6.1framespersecond.

The left imagein Figure5 shaws a visualizationof the corona
radiatausingstreantubes.Theseedbox from which particletraces
wereinitially releaseds shavn aswire framein red. Overall, 512
tracesof a maximumlength of 600 were traced. Textured point
spritesof size15 15 pixels were renderedusing the texture at-
lasdescribedabore. Reconstructiorandrenderingwasperformed
at 2.4 framespersecond.As canbe seen this visualizationoption
helpsto trackthebuncheof bers with biologically similar proper
ties,andit allows the expertto follow the pathsof single bers. On
theright of Figure5 thesuperiodongitudinalfasciculuds rendered
by meanf coloredstreamliines. Theaxial slicealongthefascicu-
lus waschosenmasseedregion. 512 lines of a maximumlength of
600 were computedand displayedat 10 framesper second.Both
imagesshow nicely the propertyof streamtubesand streamlines
to effectively reveal spatialrelationshipetweerdifferenttracks.

The sagittal,coronal,and axial slicesthroughthe humanbrain
are visualizedin Figure 6 using diffusion-dependensprites. In
combinationshapeandcolor of therenderectllipsoidsgive agood
impressiorof thedegreeof anisotroly andthemaindiffusiondirec-
tion within the correspondindprainstructuresThebrainstructures
themseles,suchaspyramidaltracts,U-shapedbers, superiodon-
gitudinalfasciculusandothers,areclearlyvisible in all slices.The
axial andsagittalsliceswererenderedising 64K particlesof size
20 20pixelsat10.8framepersecondThecoronalslicewaspro-
ducedusing256K particlesof size1l0 10 pixelsat4.5framesper
second.

Visualizationsof the canineheartdata set are shavn in Fig-
ures?, 8, 9. Figure7 shaws the longitudinaland latitudinal heart
slices,renderedwith texturedpoint sprites. The orientationof the
spritescorrespondso the helical constructiorof the heartmuscle,
andthespatialpositionsdepicttheheartstructureconsistingof four
chamberandseveralvalvesin betweenTheanimationof 64K par
ticlesof size25 25 pixelsrunsatroughly 8 framespersecond.

Figure8 shavsimagesof theheartdatasetrenderedrom differ-
entview pointsusingaligneddiffusion-dependergoint sprites.In
theinteractve animation theclockwiseandcounterclockwisemo-
tion of particlesalongthe musclestructurecanbe clearly tracked.
Both imageswere renderedusing 64K particlesat 25 25 and
45 45 pixels per point sprite, respectiely. Accordingly the ap-
plication performancedroppedfrom 9.4 framesper secondto 7.4
framespersecond.

Streamtubeswere usedin Figure 9 to visualizethe heartdata
set.Ontheright, tubeswerecoloredaccordingto equation3. Both
imagesweregeneratedising 1K streamtubesof maximumlength
of 1K in combinatiorwith pointspritesof size5 5 pixelstorender
thetexture-basedubesegments.Reconstructiomndrenderingvas
doneat1.5framespersecond.

6 CONCLUSION

We have presentedan ef cient and effective visualizationsystem
for 3D diffusiontensor elds. This systemallows for thevisualex-

plorationof such elds atinteractve ratesandat arbitrarylevel of

detail. The usercaninteractiely selectregionsof interestby posi-
tioning a particleprobeof adjustablepositionandsize. A number
of differentvisualizationoptionscanbe selectedo visualizelocal

aswell asglobalfeaturesn thediffusionprocess.

By usingthis system,local variationsin diffusiontensor elds
as well as anatomicalstructurescan be visualizedat interactive
rates. Due to the possibility to simulatethe dynamicbehaior of
masslesgparticlesin thederiveddiffusion eld, averyintuitive ap-
proachto understandingliffusiontensor elds hasbeenpresented.

In contrastto previous methods,real-time adwection and render
ing of large particlesetsproducesanimationghatcloselyandintu-
itively mimic the underlyingdynamicdiffusionprocess.
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Figure 4: Brain structures: By using the color mapping scheme described in equation 5, the optic tract (green) and corona radiata (blue) bers
can be clearly distinguished. At 6.1 frames per second, 64K particles can be advected, and rendered using textured sprites of size 45 45 pixels.

Figure 5: Brain structures: On the left, corona radiata is visualized using stream tubes. On the right, the axial slice along the longitudinal
fasciculus is rendered by means of simple stream lines. The FA-based color mapping scheme (equation 5) is applied. 512 bers with a
maximum length of 600 can be generated and rendered at 2.4 and 10 frames per second, respectively.

Figure 6: Brain structures: Axial (left), coronal (middle) and sagittal (right) slices through the brain are shown. The coronal and sagittal slices
are color coded using equation 5, and equation 4 is used to color the axial slice. The axial and sagittal slices were rendered using 64K particles
of size 20 20 pixels at 10.8 frames per second. The image of the coronal slice was generated at 4.5 frames per second using 256K particles of

size 10 10 pixels.




Figure 7: Longitudinal (top) and latitudinal (bottom) slices of the heart muscle are reconstructed and rendered at 8 frames per second. The
helical orientation of the heart muscle ber becomes apparent from the latitudinal slice. Both slices also depict the four-chambered structure of
the heart. The FA-based color mapping scheme was chosen.

Figure 8: Heart muscle: Multiple views of the data set are shown. The helical structure of the heart muscle can be easily tracked on both images.
The FA-based color mapping scheme (equation 5) was applied. 64K particles of size 25 25 pixels (left) and 45 45 pixels (right) were animated
at 9.4 and 7.4 frames per second, respectively.

Figure 9: Heart muscle: Multiple views of the data set are shown. The color mapping schemes described in equation 5 (left) and equation 3
(right) were used. 1K stream tubes of maximum length of 1K were reconstructed and rendered with point sprites of size 5 5 pixels. Both images
were generated at 1.5 frames per second.



