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ABSTRACT

In this paperwe introduceGPU particletracingfor the visualiza-
tion of 3D diffusiontensor�elds. For abouthalf amillion particles,
reconstructionof diffusiondirectionsfrom thetensor�eld, time in-
tegrationandrenderingcanbe doneat interactive rates.Different
visualizationoptionslike orientedparticlesof diffusion-dependent
shape,streamlinesor streamtubesfacilitatetheuseof particletrac-
ing for diffusion tensorvisualization.The proposedmethodspro-
videef�cient andintuitivemeansto show thedynamicsin diffusion
tensor�elds, andthey accommodatetheexplorationof thediffusion
propertiesof biologicaltissue.

CR Categories: I.3.8 [ComputingMethodologies]: Computer
Graphics–Applications—;J.3 [ComputingApplication]: Life and
MedicalSciences—;I.3.7 [ComputerGraphics]:Methodologyand
Techniques—InteractionTechniques;

Keywords: DiffusionTensors,DynamicVisualization,GPUPar-
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1 I NTRODUCTI ON

Thediffusionpropertiesof biologicaltissuecanbemeasuredusing
diffusion tensormagneticresonanceimaging(DT-MRI) [1]. The
imagingprocessrevealsthe diffusion of watermoleculesdepend-
ing on theshapeandorientationof tissuecells, i.e. within �brous
materialthediffusionis anisotropicwhile thereis anequaldiffusion
probability in realmatterof othertypes.Thediffusionprobability
is characterizedby a secondordertensor, which describesthe de-
�ection of amolecularpathwayasa functionof spatialposition.

Approachesto visualizethediffusionin realtissuecanbeclassi-
�ed into two majorcategories:glyph-basedtechniquesreveallocal
variationsin diffusion tensor�elds by mappingtensorproperties
like de�ection or diffusion probability to the shapeor appearance
of graphicalprimitives,i.e. ellipsoids[10], compositeshapes[15],
or superquadrics[8]. In contrast,directionaltrackingof massless
particlesalongthemostprobablediffusiondirectionsin tensor�eld
data[4] allows for the classi�cationof anatomicalstructures,e.g.
the white matter�ber tracks. Differentgeometricrepresentations
like streamlines [14, 12] andstreamtubes[17, 3], or streamsur-
faces[17, 13] havebeenemployedto visualizethesestructures.To
improve thequality andstability of suchtrackingtechniques,reg-
ularizationand�ltering approaches[2, 18,5] alongwith heuristics
to determinethemostprobabledirections[14, 18] have beenpro-
posed.Dedicatedcolor andopacitymappingschemesto visually
enhanceparticularfeaturesin diffusion tensordatahave beenpre-
sentedin [14, 7, 15,8].

While trackingbasedtechniquescaneffectively visualizelocal
featuresin tensor�elds, glyph-basedimagingtechniquesfor visu-
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alizing 3D �elds cansuccessfullyillustratethe global behavior of
such�elds. However, it is dif�cult whenusingsuchmethodsto ef-
fectively controlglyphdensity, shapeandappearancein a way that
depictsboth the directionstructureof the diffusion and the diffu-
sionmagnitude.Neitherof thesetechniquesallows for interactive
explorationof largetensor�elds, andthey typically fail to visualize
andto monitorthediffusiondynamicsin realtissue.

In thispaper, weproposeaninteractive techniquebasedonGPU
particletracingfor tensor�eld visualization.This methodcandis-
playthedynamicsof largeparticlesetsin �o w �elds, andit canthus
beusedto monitorthediffusionin biologicaltissuein realtime. A
numberof visualizationoptionslike orientedtexturesplats,stream
linesandstreamtubesprovide theuserwith aneffective meansfor
thevisualanalysisof 3D tensor�elds givenonaCartesiangrid.

2 DI FFUSI ON TENSORS

Thesecondorderdiffusiontensorcanbeexpressedmathematically
asa3� 3 symmetricsemi-positivematrix:

D =

0

@
Dxx Dxy Dxz
Dyx Dyy Dyz
Dzx Dzy Dzz

1

A (1)

Froma physicalpoint of view, thetensorD describestheproba-
bility densityfor thede�ection of molecularpathwaysin diffusive
tissue.Following thecommonclassi�cation,diffusion tensorscan
be representedas ellipsoidswith main, medium,and minor axes
correspondingto theeigenvectorse1, e2, e3 – with respectiveeigen-
valuesl 1 � l 2 � l 3 – of the tensor. The relative differencesbe-
tweentheeigenvaluesarerelatedto theanisotropyof thediffusion.
Threebasictypesof anisotropy areusuallyconsideredin the liter-
ature(seeTable1). A thoroughdiscussionof diffusiontensorsand
otherderivedquantitiescanbefoundin [8, 16].

Table 1: Classi�cation of diffusion tensor anisotropy.

Name Coef�cient

linear cl =
l 1 � l 2

l 1 + l 2 + l 3

planar cp =
2(l 2 � l 3)

l 1 + l 2 + l 3

spherical cs =
3l 3

l 1 + l 2 + l 3

Besidesthemappingof localanisotropy to theshapeof geomet-
rical icons,anumberof differentcolorencodingschemeshavebeen
proposed:

RGB = (m1; m2; A3) (2)



RGB = (J4; FA; A3) (3)
RGB = (cl ; cp; cs) (4)
RGB = FA(je1x j; je1y j; je1zj) (5)

RGB = RA(je1x j; je1y j; je1zj) (6)

Here, the coef�cients m1, m2, A3, J4, FA, RA arecomputedas
follows:

m1 = 1
3 å l i ; 1st centralmomentof eigenvalues,

m2 = 1
3 å (l i � m1)2; 2nd centralmomentof eigenvalues,

A3 = å (l i � m1)3

3�m2
p

m2
; skewnessof eigenvalues,

J4 = å l 2
i ; invariantof tensorD,

FA = 3p
2

q
m2
J4

; fractionalanisotropy,

RA =
p

m2p
2m1

; relativeanisotropy

3 GPU PARTI CL E ENGI NE

To interactively explorethedynamicsin 3D diffusiontensor�elds,
we employ a particlesystemfor visualizingsteady3D �o w �elds
on Cartesiangrids [9]. We exploit featuresof recentgraphicsac-
celeratorsto advectparticleson theGPU,saving particlepositions
in graphicsmemory, andthensendingthesepositionsthroughthe
GPU again to obtain imagesin the frame buffer. By using this
functionality, particletracingin Cartesiangridscanbeentirelyper-
formed on the GPU without any readback to applicationmem-
ory. This approachallows for interactive streamingandrendering
of millions of particles,and it enablesvirtual explorationof high
resolution�elds. In thecurrentscenario,theability to displaythe
dynamicsof largeparticlesetsusingvisualizationoptionslike ori-
entedtexturesplats,streamlines,andstreamtubesprovidesanin-
tuitive meansfor the visual analysisof 3D tensor�elds that is far
beyondexistingsolutions.

Particle advection is performedin the fragmentunits of pro-
grammableGPUs. During particle tracing, particle positionsare
subsequentlyreadfrom thecurrentparticlecontainerandtheresult
of theadvectionstepis written to anadditionalcontainer. Contain-
ersareinternallystoredas2D texturemaps.Thevector�eld data
is storedin the RGB color componentsof a 3D texture. To dis-
play particleprimitives,a vertex arraycontainingasmany entries
asthereareparticlesis rendered.This arrayresidesin local GPU
memory. In theGPU'svertex units,respectiveparticlepositionsare
fetchedfrom thecurrentparticlecontainer, andvertex positionsare
displacedaccordingly. This is accomplishedusingfunctionality in
ShaderModel3.0[11].

Theparticleengineprovidesdifferentvisualizationoptions.Ori-
ented3D iconscanbesimulatedby renderingtexturedpointsprites
in combinationwith a texture atlas. For every icon this atlascon-
tainsasetof pre-computedviews,of which theonemostsimilar to
theactualview is rendered.In addition,the tracesof particlescan
be storedandusedto renderstreamlines, streamballs or stream
tubes.

4 TENSOR V I SUAL I ZATI ON USI NG PARTI CL E TRACI NG

To usetheGPUparticleengine(seeFigure1) for tensor�eld visual-
ization,a numberof data-speci�cextensionshave beenintegrated.
In particular, the directionvectoralongwhich a particle is traced
�rst hasto bereconstructedfrom thetensor�eld. Thebasicdiffer-
encesbetweenparticletracingin �o w �elds andin tensor�elds are
illustratedin Figure2.

In thefollowing, thespeci�c extensionswehaveintegratedto ac-
commodatetheuseof particletracingfor tensor�eld visualization
aredescribed:

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.

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 RGBtexturemaps.Becausehardwareacceleratedtri-
linearinterpolationof 32bit �oating point texturesis notsup-
portedonrecentGPUs,weuse16bit �oating pointtexturesin
thecurrentimplementation.If this precisionis not suf�cient,
hand–codedinterpolationof 32 bit �oating point valuescan
beperformedin a fragmentshader. As shown in [9], thisonly
resultsin aslightdecreasein performance.

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

� To derive a vector�eld for particletracing,at every particle
position the eigen-decompositionof the resampledtensoris
computedon the �y 1. Therefore,on the GPU we have im-
plementeda non-iterative analyticalalgorithm proposedby
Hasanet al. [6]. If the tensoris not positive-de�nite, or if
its eigenvaluesaredegenerate(equalto eachother),theprop-
agationprocessis terminated.

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

1The interpolationof precomputedeigenvectorsand eigenvaluesdoes
notallow for aconsistentcomputationof diffusiondirection[8, 18].



anisotropy ca = cl + cp. The secondonecontainsprecom-
putedviews of shortstreamtubesat differentorientationand
size. By texturing particlespriteswith the imageof the re-
spective view – scaledaccordingto thetensorattributes– the
appearanceof closedstreamtubescanbesimulated.

� Becauseparticletrackingin 3D tensor�elds alongthelargest
eigenvectorof thetensorcanleadto ambiguousresults(oppo-
siteeigenvectordirectionsarebothvalid), theoutgoingparti-
cle directionis computedasa linear combinationof the de-
�ected incomingdirectionandtheprincipaleigenvector[14].

� A numberof different criteria to stop particle propagation
have been integrated [8]. In particular, if the fractional
anisotropy is lessthan a given threshold,a particle traceis
stopped. In addition, if the fractionalanisotropy is above a
threshold,it is usedto modulatetheparticletransparency. In
this way, particlescan be fadedout continuouslyin nearly
isotropicregions.

� The usercan interactively selectand changetensor-speci�c
parameters,suchasthecolor mappingscheme,thethreshold
of thefractionalanisotropy usedto fadeout particles,andthe
propagationalgorithm(alongthelargesteigenvectoror along
thede�ecteddirection).

5 RESULTS

All of our experimentshave beendoneon a NVIDIA QuadroFX
4400graphicscardequippedwith 512MB videomemory. Render-
ing wasperformedinto a viewport of 1280� 1024pixels. In this
sectionwe show screenshotsof the dynamic3D tensor�eld vi-
sualizationincluding variousvisualizationoptions. Although the
imagesalreadyshow the functionality of the particle engine,we
shouldnoteherethattherealbene�t of thepresentedapproachis a
lot moreapparentin theaccompanying video.

Table 2 gives timings for the advection and renderingof par-
ticles. Timings in the secondcolumn include all operationsthat
are carried out until updatedparticle positions are available in
the current particle container, i.e. tensor interpolation, eigen-
decompositionandparticleadvectionusingEuler integration. The
third andthe fourth columnsincludetimings for the renderingof
diffusion-alignedpoint sprites.To demonstratethedependency of
performancefrom the numberof generatedfragments,differently
sizedspritesareused. The last columnshows the time that is re-
quired to reconstructdifferent amountsof streamlines of length
100. In all thesetests,a 2563 tensordataset (canineheart)was
visualized.

As canbeseen,evenfor largeparticlesetstheGPUimplementa-
tion still allows for theinteractive explorationof tensor�elds. It is
interestingto note,thatwith increasingfragmentsizetherendering
stagequickly becomesfragmentbound. Moreover, thenumberof
generatedfragmentsstronglydependsonviewing parameters,such
as �eld of view, the distanceof particlesto the camera. As it is
ratherdif�cult to provide preciseandmeaningfultiming 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 advectionstepsis proportionalto their length,the approximate
time for trackingandrenderinga �ber of an arbitrary lengthcan
becomputedasthetime neededfor onesegmentmultiplied by the
numberof segments.

In contrastto previousapproaches,whereonly the �nal render-
ing of precomputedentitiescanbedoneinteractively, theproposed
methodprovidesanevenmoreintuitivemeansto explorehighreso-
lutiondiffusiontensor�elds. In particular, theusercaninteractively
selecttheseeddensityof particlesaswell asparametersspeci�c to

particles advectiononly orientedsplats lines length100
1� 1 pixels 7� 7 pixels

642 1434 700 470 64 130
1282 343 185 123 128 100
2562 83.2 43.7 28.8 256 78
5122 19.4 8.4 5.9 512 55
10242 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.

thepropagationprocess.By usingtheseoptions,pathwayscanbe
visualizedat almostarbitraryresolution.Theadvectionof oriented
particlesallows for thesimultaneousexplorationof both local and
globaldiffusiontensorproperties.Fiberstructurescanbeobserved
without that particlepositionshave to be connected.Even in still
imagesthe �brous structuresin the investigatedtissuecanclearly
beseen.

Figures3 to 9 show a numberof examplesthatweregenerated
using the presentedparticle engine. Two datasetswere usedto
demonstratethe effectivenessof particle tracking for tensor�eld
visualization:ahumanbraindatasetof resolution148� 190� 160
and a canineheartdataset of resolution256� 256� 256. Both
datasetsconsistof six diffusion tensorcomponentsandan addi-
tional con�dencevalueper voxel. Differentvisualizationoptions
andcolormappingswereselectedto emphasizeparticulardiffusion
propertiesandanatomicalstructuresin thesedatasets.In all exam-
ples,visualexplorationwasperformedin real-time,thusallowing
for aneffectiveandintuitiveanalysisof biologicaltissue.

In Figure3 coloredpoint spritesof size5� 5 pixels were ren-
deredto visualizethe humanbrain dataset. The FA-basedcolor
mappingscheme(equation5) wasused.By fadingout particlesin
regionsshowing low anisotropy, highly anisotropicbrainstructures,
suchascorpuscallosum,coronaradiataandpyramid,areempha-
sizedandcanclearlybedistinguishedin thegeneratedimage.

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-dependentorientedspriteswere usedto



rendera closeup view of thecoronaradiata.Accordingto theFA-
basedcolor mappingscheme,an optic tract canbe clearly distin-
guishedby greencolor. To generatetheimage,64K pointspritesof
size45� 45pixelswererenderedat6.1framespersecond.

The left imagein Figure5 shows a visualizationof the corona
radiatausingstreamtubes.Theseedboxfrom whichparticletraces
wereinitially releasedis shown aswire framein red. Overall, 512
tracesof a maximumlength of 600 were traced. Textured point
spritesof size15� 15 pixels were renderedusing the texture at-
lasdescribedabove. Reconstructionandrenderingwasperformed
at 2.4 framespersecond.As canbeseen,this visualizationoption
helpsto trackthebunchesof �bers with biologicallysimilarproper-
ties,andit allows theexpertto follow thepathsof single�bers. On
theright of Figure5 thesuperiorlongitudinalfasciculusis rendered
by meansof coloredstreamlines.Theaxialslicealongthefascicu-
lus waschosenasseedregion. 512 linesof a maximumlengthof
600 werecomputedanddisplayedat 10 framesper second.Both
imagesshow nicely the propertyof streamtubesandstreamlines
to effectively revealspatialrelationshipsbetweendifferenttracks.

The sagittal,coronal,andaxial slicesthroughthe humanbrain
are visualizedin Figure 6 using diffusion-dependentsprites. In
combination,shapeandcolorof therenderedellipsoidsgiveagood
impressionof thedegreeof anisotropy andthemaindiffusiondirec-
tion within thecorrespondingbrainstructures.Thebrainstructures
themselves,suchaspyramidaltracts,U-shaped�bers, superiorlon-
gitudinalfasciculusandothers,areclearlyvisible in all slices.The
axial andsagittalsliceswererenderedusing64K particlesof size
20� 20pixelsat10.8framepersecond.Thecoronalslicewaspro-
ducedusing256K particlesof size10� 10 pixelsat 4.5 framesper
second.

Visualizationsof the canineheart data set are shown in Fig-
ures7, 8, 9. Figure7 shows the longitudinalandlatitudinal heart
slices,renderedwith texturedpoint sprites.Theorientationof the
spritescorrespondsto thehelicalconstructionof theheartmuscle,
andthespatialpositionsdepicttheheartstructureconsistingof four
chambersandseveralvalvesin between.Theanimationof 64K par-
ticlesof size25� 25pixelsrunsat roughly8 framespersecond.

Figure8 showsimagesof theheartdatasetrenderedfrom differ-
entview pointsusingaligneddiffusion-dependentpoint sprites.In
theinteractiveanimation,theclockwiseandcounter-clockwisemo-
tion of particlesalongthemusclestructurecanbeclearly tracked.
Both imageswere renderedusing 64K particlesat 25� 25 and
45� 45 pixels per point sprite,respectively. Accordingly, the ap-
plication performancedroppedfrom 9.4 framesper secondto 7.4
framespersecond.

Streamtubeswereusedin Figure9 to visualizethe heartdata
set.On theright, tubeswerecoloredaccordingto equation3. Both
imagesweregeneratedusing1K streamtubesof maximumlength
of 1K in combinationwith pointspritesof size5� 5 pixelsto render
thetexture-basedtubesegments.Reconstructionandrenderingwas
doneat1.5framespersecond.

6 CONCL USI ON

We have presentedan ef�cient andeffective visualizationsystem
for 3D diffusiontensor�elds. Thissystemallows for thevisualex-
plorationof such�elds at interactive ratesandat arbitrarylevel of
detail. Theusercaninteractively selectregionsof interestby posi-
tioning a particleprobeof adjustablepositionandsize. A number
of differentvisualizationoptionscanbeselectedto visualizelocal
aswell asglobalfeaturesin thediffusionprocess.

By usingthis system,local variationsin diffusion tensor�elds
as well as anatomicalstructurescan be visualizedat interactive
rates. Due to the possibility to simulatethe dynamicbehavior of
masslessparticlesin thederiveddiffusion�eld, a very intuitive ap-
proachto understandingdiffusiontensor�elds hasbeenpresented.

In contrastto previous methods,real-timeadvection and render-
ing of largeparticlesetsproducesanimationsthatcloselyandintu-
itively mimic theunderlyingdynamicdiffusionprocess.
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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� 45pixels.

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.


