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ABSTRACT
This paperpresentsa new seedingstrategy for visualiz-
ing 3D symmetrictensordatausinghyperstreamlines.The
goal is to automatetheprocessof generatingseedingpat-
ternsto identify importanthyperstreamlinefeatures.The
methodis basedon anisotropy measurementsto optimize
the seedingpositionsand densityof hyperstreamlinesto
reducevisualclutter. Additionally, usercanplacerandom
distributedseedingpointsin thetensor�eld to ensureother
minor hyperstreamlinefeaturesarecapturedaswell. The
main advantageof this approachis that theuseris not re-
quiredto haveaknowledgeof thetensor�eld in advance.
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1 Intr oduction

Visualizationof tensor�elds is a challengingproblemand
becomesmorecommonin medicalandengineeringareas.
Original3D symmetrictensorcanberepresentedby six in-
dependentvalues. Many importantfeaturesof the tensor
�elds aredescribedby theeigenvaluesandeigenvectorsof
3x3matrices.Dueto themulti-variantnature,conventional
vectoror scalarvisualizationtechniquescannot be easily
appliedto tensor�elds. A hyperstreamlinetechnique[1]
hasbeenproposedandis usefulin visualizationof 3D ten-
sor�elds. Althoughhyperstreamlinescanshow therich in-
formationof 3D tensorstructure,few approacheshavebeen
ableto addressthevisual clutter or visualizationartifacts,
mostof whichcomesfrom thecommonlyusedregularand
randomseeding.

We describea new seedingstrategy that can place
seedsmorecleverly to achieve bettervisualizationquality
andhelpuserunderstandthedata.

Ouranisotropy basedseedingapproachintendsto re-
cover �ber structurein 3D symmetrictensor�elds in a
moreintelligentandef�cient wayby usinganisotropy mea-
surementsto generateseedingaroundtheregionswith spe-
ci�c anisotropy characteristics.Userinteractionsandfeed-
backsarealsoavailablefor ourapproachto re�ne theseed-
ing patterns.More seedingscanalsobeappliedto therest
of the volume using Poissonspheredistribution to cover
thefeaturesthatmight risefrom theemptyspace.

Therestof thispaperis organizedasfollows: Chapter
2 reviewssomeexistingtensorvisualizationtechniquesand
seedingstrategies;Chapter3 describeshow theanisotropy
basedseedingstrategy areappliedto hyperstreamlinesand
implemented;Chapter4 discussesresultsandissuesof us-
ing theseedingstrategy; Chapter5 concludesthepaperand
identi�es additionalfutureworksin this area.

2 RelatedWork

Thereare several visualizationtechniquesfor symmetric
tensor�elds. Among thesearearrow plots or hedgehogs
[2], ellipsoidal icons [3], tensorglyphs [4], hyperstream-
lines [1], tensorlines[5], hyperstreamsurfaces[2], Hyper-
LIC [6] and superquadrictensorglyphs [7]. We review
thosemethodswhicharerelevantto this paper.

Arrow plots or hedgehogsare conventional vector
�eld visualizationtechniques.Usually they are usedfor
2D �o w andplacedon thesurfaceof the�o w. They canbe
directly extendedto visualizeprincipalcomponentsof 3D
realandsymmetrictensor�elds. Thissimpleapproachuses
glyphswith short lines with or without arrow heads,usu-
ally distributeduniformly acrossthe �o w �eld by regular
grid seedingor randomseeding.The line orientationindi-
catestheorientationof eigenvectors,while the line length
(or line color) is usuallyusedto indicateeigenvalues.Ad-
vectionis typically notusedwith hedgehogsandthusonly
very limited local instantaneoustensorcharacteristicsare
shown.

Ellipsoidal iconsandtensorglyphsareusedto visu-
alize real symmetrictensor�elds. Tensorinformation is
encodedwith geometricobjects.They sharethesameseed-
ings ashedgehogsandtheir usesarealsolimited by their
discretenature.

Hyperstreamlinesare generatedby constructinga
tubeor helix structurefrom theothertwo eigenvaluesand
eigenvectors[1]. As a result, hyperstreamlinescan fully
representthesix valuesof symmetrictensor�elds. When
number of hyperstreamlinesincreases,the visualization
losesquality and clutter becomesthe key problemsince
hyperstreamlineshave a similar visual representationas
streamlines.While thetensor�elds determinethedirection
of hyperstreamlines,it is extremely important to choose
seedingscarefully.

Tensorlines[5] extends the traditional propagation



methodsandstabilizeit in isotropic regions. However, it
did not addressthevisualocclusionandclutter issue.Hy-
perstreamsurfacesusea set of points on a curve to con-
structanumberof hyperstreamlinesandthenconnectthem
with polygons. They provide somemore informationbut
requiretheuserto have someknowledgeof thedatain or-
der to placethe point setat the right position. HyperLIC
is a multi-passapproachto generateimagesthat resemble
thoseof LIC to visualizetheanisotropy in tensor�elds. Su-
perquadrictensorglyphsareusedastensorglyphsin anew
way to encodemoreinformationandexpresstheproperty
of symmetry.

Among the existing tensorvisualizationtechniques,
thereis very limited discussabouttheseedingproblembe-
sidesusinga regulargrid seedingor randomseeding.But
we will seethat it' s a key problemin the visualizationof
3D tensor�elds.

3 Methods

In this chapter, we �rst review tensortheory and visual-
ization of tensor�elds usinghyperstreamlines.Thenour
seedingstrategy is describedin detail.

3.1 TensorTheory

3D symmetrictensor�elds are very commonin medical
andengineering.At eachpoint, a symmetrictensorT can
be representedby a 3x3 matrix composedof six indepen-
dentvalues:
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Furthermore,aftereigendecomposition,tensorT has
unit-length orthogonal eigenvectors �
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Theoriginal tensorcanbereconstructedby
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Thus,visualizationof a tensor�eld is fully equivalent
to the simultaneousvisualizationof thesethreeeigenvec-
tor �elds, with correspondingeigenvaluesrepresentingthe
magnitudes[8][9]. It shouldbenotedthateigenvectorsare
vectorswith sign indeterminacy which asksfor additional
carein visualizationprocess.

Similar to thecritical pointsin vector�elds, in a 3D
symmetrictensor�eld, degeneratepointsarepointswhere
at leasttwo eigenvaluesareequalto eachother[10]. The
integral lines of eigenvectorswill crosseachotherwhere

degeneracy occurs. Threetypesof degeneratepointscan
beexpressedas
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In adiffusiontensor�eld, �ber structuresareveryim-
portantfeatures,especiallyin thestudyof biologicaltissues
fromdiffusiontensormagneticresonanceimagingdatasets.
The anisotropicdiffusion propertiesaremeasuredto pro-
videinformationaboutthetissuemicrostructure.Giventhe
eigenvaluesde�ned above, onecan de�ne the anisotropy
coef�cients which correspondto the linear, planar mea-
sures 3/4
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where 3
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An additionalcoef�cient that describesthe combinedlin-
earandplanaranisotropy is theanisotropy index de�nedas
follows:
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Basedon the movementof water molecules,diffu-
sion tensorin magneticresonanceimaging(DT-MRI) can
be usedto measurethe water anisotropy coef�cients in
body tissues[11]. Biological tissuescanbe identi�ed by
regionswith oneor morehighanisotropy measurements.It
helpsthedetectionof diseasesandenablesphysiciansand
researchersto betterunderstandanddiagnoseawide range
of medicalconditions.

3.2 Hyperstreamlines

The conceptof hyperstreamlines[1] is generalizedasthe
propagationsof streamlinesalong one of the eigenvector
�elds while thestretchingof crosssectionencodestheother
two orthogonaleigenvector �elds. Hyperstreamlinesare
calledmajor, mediumor minor accordingto theeigenvec-
tor �eld followed.All theindependentvaluesin symmetric
tensor�elds canbefully representedin this way. Justlike
streamlines,many hyperstreamlinesbecomea visual clut-
ter that seriouslyhurt the visualizationquality. Thus, in
mostpractices,only very limited numberof hyperstream-
lines arepresentedasa direct result. The useris no long
ableto geta globalview anda understandingof thetensor
�elds. Figure1 illustratesmajoreigenvector�eld for aran-
domgeneratedtensordatasetwith (a)15and(b)400hyper-
streamlines.The visual clutter problemis clearly demon-
strated.



(a)15hyperstreamlines

(b) 400hyperstreamlines

Figure1. Hyperstreamlinesof majoreigenvector�eld for a
randomgeneratedtensordataset.Color is mappedto major
eigenvalue.

3.3 SeedingStrategies

Therearea numberof seedingstrategies[12] for generat-
ing streamlines.But few canbe directly extendedto sup-
porthyperstreamlines,amongthoseareregularandrandom
seeding. For randomseeding,one can useuniform ran-
domseeding,regularseedingwith jittering,or Poissondisk
seeding.Poissondisk seedingin physicalspaceis better
suitedfor curvilineargridswheregrid densitiesmayvarya
few ordersof magnitudewithin thesamedataset.

Our seedingstrategy startswith selectingoneof the
anisotropy measurementcoef�cients from 3.1. High mea-
surementvaluescorrespondto anisotropy regions except30?

which actuallymeasuressphericalisotropy instead. In
practice,biological tissuesand�ber structurescanbe de-
tectedby analyzingthelineardiffusion
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or acombination
of the linear andplanaranisotropy coef�cients
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Thenthe�ber structuresaretracedby thehyperstreamlines
thatpropagatealongtheprincipaleigenvectordirection.

Oncetheanisotropy measurementcoef�cient is cho-
sen, we apply an isosurface extraction algorithm to the
scalar�eld de�ned by this anisotropy. Thereare several
methodsfor isosurfaceextractionthatwecanchoosefrom,
suchasbruteforcemethodandadaptivepartitiontrees(bi-
naryor octree).During this process,oneor moreisovalues
that correspondto high tensoranisotropy areusedto gen-
eratethesurfacewhich identi�es anisotropy regions. Fig-
ure2 showsonesliceof linearanisotropy �eld andtheex-
tractedisosurfacefrom braindataset.

For theseedingprocess,theverticeson theextracted
isosurfaceareusedasour seedingtemplate.In addition,a
minimumdistanceseparationbetweentheseseedingpoints
is enforcedto ensurethathyperstreamlineswill notgettoo
closeto eachother. Alternatively, wecanplacetheseedsat
thecentersof every triangleor polygonon the isosurface.
Thecoordinatecalculationsareinexpensiveby justaverag-
ing the coordinatesof the verticesfor eachpolygon. Hy-
perstreamlinesaregeneratedfrom theseseedingpositions
andthesigni�cant �ber structuresarefollowedaccordingly
by tracingmajor eigenvector�eld. Optionally, the restof
thespacecanbe�lled by placingrandomseedpointswith
Poissonspheredistribution in caseminor tensor�eld fea-
turesotherthananisotropy speci�ed biological tissuesare
desired.

Postseeding�ltering processcanalsobe appliedto
achieve betterquality. Therearevariouscriteria including
geometricpropertiessuchaslengthandangle,andtensor
�eld propertiesotherthananisotropy that we will explore
in futureresearch.

4 Results

We testedour seedingstrategy on two diffusion tensor
�elds from DT-MRI data sets. This new imaging tech-
nology was inventedto allow physiciansand researchers
to betterunderstandand diagnosea wide rangeof med-
ical conditions. By measuringthe 3D motion of water



(a)Anisotropy �eld

(b) Isosurface(white),largestconnectedregion

Figure2. Linearanisotropy �eld of braindatasetandiso-
surfaceextractedwith anisovalueof 0.5. Color is mapped
to linearanisotropy coef�cient

3
4

.

moleculeswithin biological tissues,the anisotropicdiffu-
sionpropertiesarestudiedto revealthe�ber structures.We
appliedour hyperstreamlineseedingstrategy to a human
brain [13][14][15] datasethaving 148x190x160resolution
anda humanheart[16] datasetwhich is of 256x256x256
resolution. Thesedatasetsarefull 3D grids with 3D dif-
fusion tensorinformation at eachpoint. Figure 3 is an
exampleof visualizationusinghyperstreamlinesgenerated
by randomseedingwith Poissonspheredistribution. From
this �gure, it is verydif�cult for theuserto understandthe
datasetor identify the �ber structuresdue to visual clut-
ter occlusion.Figure4, 5 and6 illustratetheresultof this
anisotropy basedseedingapproachwhenappliedto these
two diffusion tensorMRI datasets.For thebrain dataset,
whitematter�ber structuresareeffectively detectedby us-
ing a linearanisotropy valueof 0.5 for thesurfaceextrac-
tion. In theheartmuscle,themajorandmedianeigenval-
uesarevery closeto eachothereven in theregionscorre-
spondingto biological tissues.For this reason,we usethe
anisotropy combinedfrom linear and planarcoef�cients.
The 0.35anisotropy valuealsoidenti�es theheartmuscle
structureasin �gure 6.

In thispaper, weuseJacobi'smethod[17] to compute
the eigenvaluesandeigenvectors. Jacobiiterationis a re-
liable methodthatproducesuniformly accurateeigenpairs
for a symmetricmatrix. Using this method,a solution is
guaranteedfor all realsymmetricmatrices.

The hyperstreamlineseedingprogramis written in
C++ andusesOpenGLfor graphics,FLTK for thegraph-
ical user interface and VTK for the isosurface extrac-
tion(marchingcubes).It wastestedon a 1.8GHz Pentium
4 computerwith anATI Radeon750032MB graphicscard
and 1GB RAM. It takes approximateone minute for the
wholeseedingprocessandhyperstreamlinesgeneration.

5 Conclusionsand Future Work

In this paper, we presenta seedingstrategy basedon
anisotropy measurementsfor visualizing 3D symmetric
tensordatausinghyperstreamlines.This approachenables
automatedgenerationof seedingtemplatesto achieveabet-
ter visualizationquality while still having a global view
over the whole tensor�elds. Its main strengthis, the use
is not requiredto have ana priori knowledgeof thetensor
�eld. Prior tensoranalysisor generalinformationaboutthe
tensortopologywill be helpful but is not required. Some
future directionsinclude: (a) exploring the possibility of
extendingthis anisotropy basedapproachon tensor�elds
other than diffusion tensoror symmetrictensor, (b) ap-
plying ef�cient �ltering algorithmsbasedon anisotropy or
other tensorpropertiesthat can further re�ne the hyper-
streamlines,(c) combining tensortopology analysisand
tensorpropertymeasurementsfor seedingand clutter re-
ductionpurposes.



Figure3. Hyperstreamlinesgeneratedfrom major eigen-
vector�eld of humanbraindiffusion tensordataset.Ran-
dom seedingwith Poissonspheredistribution. Color is
mappedto linearanisotropy
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Figure4. Hyperstreamlinesgeneratedfrom major eigen-
vector�eld of humanbraindiffusiontensordataset.A lin-
earanisotropy measurementvalue
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is usedto ex-
tract the isosurfaceandform the seedingtemplate.Color
is mappedto linear anisotropy coef�cient
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Figure5. Hyperstreamlinesgeneratedfrom major eigen-
vector�eld of humanbraindiffusiontensordataset.A lin-
earanisotropy measurementvalue
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Figure6. Hyperstreamlinesgeneratedfrom major eigen-
vector�eld of humanheartdiffusiontensordataset.A sum
of linearandplanarmeasurementvalue
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