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ABSTRACT

This paperpresentsa new seedingstratgy for visualiz-
ing 3D symmetrictensordatausinghyperstreamlinesThe
goalis to automatethe processof generatingseedingpat-
ternsto identify importanthyperstreamlindeatures. The
methodis basedon anisotroy measurement® optimize
the seedingpositionsand density of hyperstreamlineso
reducevisual clutter. Additionally, usercanplacerandom
distributedseedingpointsin thetensoreld to ensureother
minor hyperstreamlindeaturesare capturedaswell. The
main advantageof this approactis thatthe useris not re-
quiredto have aknowledgeof thetensoreld in advance.
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1 Intr oduction

Visualizationof tensor elds is a challengingproblemand

becomesnorecommonin medicalandengineeringareas.

Original 3D symmetrictensorcanberepresentedy six in-

dependentalues. Many importantfeaturesof the tensor
elds aredescribedy the eigervaluesandeigervectorsof

3x3matrices.Dueto themulti-variantnature corventional
vectoror scalarvisualizationtechniquesannot be easily
appliedto tensor elds. A hyperstreamlingechnique[1]

hasbeenproposedandis usefulin visualizationof 3D ten-
sor elds. Althoughhyperstreamlinesanshow therichin-

formationof 3D tensorstructurefew approachebavebeen
ableto addresghe visual clutter or visualizationartifacts,
mostof which comesfrom thecommonlyusedregularand
randomseeding.

We describea new seedingstrateyy that can place
seedanorecleverly to achiese bettervisualizationquality
andhelpuserunderstandhe data.

Ouranisotroly basedseedingapproachntendsto re-
cover ber structurein 3D symmetrictensor elds in a
moreintelligentandef cient way by usinganisotroly mea-
surements$o generateseedingaroundtheregionswith spe-
ci ¢ anisotropy characteristicsUserinteractionsandfeed-
backsarealsoavailablefor ourapproacho re ne theseed-
ing patterns.More seedingsanalsobe appliedto therest
of the volume using Poissonspheredistribution to cover
thefeatureghatmightrisefrom the emptyspace.

Therestof this paperis organizedasfollows: Chapter
2 reviewssomeexistingtensovisualizationtechniquesind
seedingstratgyies; Chapter3 describeshow theanisotroy
basedseedingstratgy areappliedto hyperstreamlineand
implementedChapter discussesesultsandissuesof us-
ing theseedingstrateyy; Chaptels concludeghe paperand
identi es additionalfutureworksin this area.

2 RelatedWork

There are several visualizationtechniquesfor symmetric
tensor elds. Amongtheseare arrov plots or hedgehogs
[2], ellipsoidalicons[3], tensorglyphs[4], hyperstream-
lines[1], tensorlined5], hyperstreamsuaices[2], Hyper
LIC [6] and superquadridensorglyphs[7]. We review
thosemethodswhich arerelevantto this paper

Arrow plots or hedgehogsare corventional vector

eld visualizationtechniques. Usually they are usedfor

2D o w andplacedonthesurfaceof the o w. They canbe
directly extendedto visualizeprincipal component®f 3D

realandsymmetridensorelds. Thissimpleapproactuses
glyphswith shortlineswith or without arrov headsusu-
ally distributed uniformly acrossthe ow eld by regular
grid seedingor randomseeding.The line orientationindi-

catesthe orientationof eigervectors,while the line length
(or line color) is usuallyusedto indicateeigervalues.Ad-

vectionis typically not usedwith hedgehogandthusonly

very limited local instantaneou$ensorcharacteristicare
shawn.

Ellipsoidal iconsandtensorglyphsareusedto visu-
alize real symmetrictensor elds. Tensorinformationis
encodedvith geometrimbjects.They sharehesameseed-
ings ashedgehogsndtheir usesarealsolimited by their
discretenature.

Hyperstreamlinesare generatedby constructinga
tubeor helix structurefrom the othertwo eigervaluesand
eigervectors[1]. As a result, hyperstreamlinesan fully
representhe six valuesof symmetrictensor elds. When
number of hyperstreamlinesncreases,the visualization
losesquality and clutter becomeshe key problemsince
hyperstreamlinehave a similar visual representatioras
streamlinesWhile thetensor elds determinghedirection
of hyperstreamlinesit is extremely importantto choose
seedingsarefully.

Tensorlines[5] extendsthe traditional propagation



methodsand stabilizeit in isotropicregions. However, it
did not addresghe visual occlusionandclutterissue. Hy-
perstreamsu#cesuse a set of pointson a curve to con-
structanumberof hyperstreamlineandthenconnecthem
with polygons. They provide somemoreinformation but
requirethe userto have someknowledgeof the datain or-
derto placethe point setat the right position. HyperLIC
is a multi-passapproachto generatémagesthat resemble
thoseof LIC to visualizetheanisotropy in tensorelds. Su-
perquadridensorglyphsareusedastensorglyphsin anewn
way to encodemoreinformationandexpressthe property
of symmetry

Among the existing tensorvisualizationtechniques,
thereis very limited discussaboutthe seedingoroblembe-
sidesusinga regular grid seedingor randomseeding.But
we will seethatit's a key problemin the visualizationof
3D tensor elds.

3 Methods

In this chaptey we rst review tensortheory and visual-
ization of tensor elds usinghyperstreamlinesThenour
seedingstratgy is describedn detail.

3.1 TensorTheory
3D symmetrictensor elds arevery commonin medical
andengineering.At eachpoint, a symmetrictensorT can

be representethy a 3x3 matrix composedf six indepen-
dentvalues:

@)

FurthermoreaftereigendecompositiontensorT has

unit-length orthogonal eigervectors and three

correspondingeal eigervalues which satisfy
&)
®3)

Theoriginal tensorcanbereconstructethy

(4)

Thus,visualizationof atensoreld is fully equivalent
to the simultaneouwisualizationof thesethreeeigervec-
tor elds, with correspondingigervaluesrepresentinghe
magnitudeg8][9]. It shouldbe notedthateigervectorsare
vectorswith signindeterminag which asksfor additional
carein visualizationprocess.

Similar to the critical pointsin vector elds, in a3D
symmetrictensor eld, degeneratgointsarepointswhere
at leasttwo eigervaluesare equalto eachother[10]. The
integral lines of eigervectorswill crosseachotherwhere

degenerag occurs. Threetypesof degeneratepointscan
beexpresseds
®)
(6)
(7
In adiffusiontensoreld, ber structuresreveryim-
portantfeaturesgspeciallyin thestudyof biologicaltissues
from diffusiontensomagneticdesonancénagingdatasets.
The anisotropicdiffusion propertiesare measuredo pro-
vide informationaboutthetissuemicrostructure Giventhe
eigervaluesde ned above, one cande ne the anisotroy

coefcients which correspondto the linear, planar mea-
sures

(8)
9)
andisotropicsphericaimeasure
(10)
where
(11)

An additionalcoefcient thatdescribeghe combinedlin-
earandplanaranisotropy is theanisotropy index de ned as
follows:

(12)

Basedon the movementof water molecules,diffu-
sion tensorin magneticresonancemaging(DFMRI) can
be usedto measurethe water anisotroy coefcients in
body tissueq11]. Biological tissuescanbe identi ed by
regionswith oneor morehighanisotroly measurementst
helpsthe detectionof diseasesndenablegphysiciansand
researcher® betterunderstandnddiagnoseawide range
of medicalconditions.

3.2 Hyperstreamlines

The conceptof hyperstreamline§l] is generalizecasthe
propagation®of streamlinesalongone of the eigervector
elds while thestretchingof crosssectionencodesheother
two orthogonaleigervector elds. Hyperstreamlinesre
calledmajor, mediumor minor accordingto the eigervec-
tor eld followed. All theindependentaluesin symmetric
tensor elds canbefully representeth thisway. Justlike
streamlinesmary hyperstreamlinebecomea visual clut-
ter that seriouslyhurt the visualizationquality. Thus, in
mostpracticesonly very limited numberof hyperstream-
lines are presentedisa direct result. The useris no long
ableto geta globalview anda understandingf thetensor
elds. Figurelillustratesmajoreigervector eld for aran-
domgeneratedensordatasetvith (a)15and(b)400hyper
streamlines.The visual clutter problemis clearly demon-
strated.
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(a) 15 hyperstreamlines

(b) 400hyperstreamlines

Figurel. Hyperstreamlinesf majoreigervector eld for a
randomgeneratedensordatasetColoris mappedo major
eigervalue.

3.3 SeedingStrategies

Therearea numberof seedingstratgjies[12] for generat-
ing streamlines But few canbe directly extendedto sup-
porthyperstreamlinegmongthoseareregularandrandom
seeding. For randomseeding,one can use uniform ran-
domseedingregularseedingwith jittering, or Poissordisk
seeding. Poissondisk seedingin physicalspaceis better
suitedfor curvilineargridswheregrid densitiesnayvary a
few ordersof magnitudewithin the samedataset.

Our seedingstratgyy startswith selectingone of the
anisotroy measurementoefcients from 3.1. High mea-
surementvaluescorrespondo anisotropy regions except

which actuallymeasuresphericalisotropy instead. In
practice,biological tissuesand ber structurescanbe de-
tectedby analyzingthelineardiffusion oracombination
of thelinearandplanaranisotroy coefcients and
Thenthe ber structuresaretracedby thehyperstreamlines
thatpropagatelongtheprincipal eigervectordirection.

Oncethe anisotroly measurementoefcient is cho-
sen, we apply an isosurfice extraction algorithm to the
scalar eld de ned by this anisotroy. Thereare several
methoddor isosurbiceextractionthatwe canchoosdrom,
suchasbruteforce methodandadaptve partitiontrees(bi-
naryor octree).During this processpneor moreisovalues
that correspondo high tensoranisotroy areusedto gen-
eratethe surfacewhich identi es anisotrojy regions. Fig-
ure 2 shawvs oneslice of linearanisotroy eld andtheex-
tractedisosuriicefrom braindataset.

For the seedingprocessthe verticeson the extracted
isosurficeareusedasour seedingemplate.In addition,a
minimumdistanceseparatioetweertheseseedingooints
is enforcedto ensurghathyperstreamlinewill notgettoo
closeto eachother Alternatively, we canplacetheseedsat
the centersof every triangle or polygonon theisosurkce.
Thecoordinatecalculationsareinexpensve by justaverag-
ing the coordinateof the verticesfor eachpolygon. Hy-
perstreamlinesire generatedrom theseseedingpositions
andthesigni cant ber structuresrefollowedaccordingly
by tracingmajor eigervector eld. Optionally, the restof
thespacecanbe lled by placingrandomseedpointswith
Poissonspheredistribution in caseminor tensor eld fea-
turesotherthananisotropy speci ed biologicaltissuesare
desired.

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

4 Results

We testedour seedingstratgy on two diffusion tensor
elds from DT-MRI datasets. This new imaging tech-
nology was inventedto allow physiciansand researchers
to betterunderstandcand diagnosea wide rangeof med-
ical conditions. By measuringthe 3D motion of water
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Figure2. Linearanisotroy eld of brain datasetandiso-
surfaceextractedwith anisovalueof 0.5. Coloris mapped
to linearanisotropy coefcient

moleculeswithin biological tissues the anisotropicdiffu-
sionpropertiesarestudiedto revealthe ber structuresWe
appliedour hyperstreamlineseedingstratgyy to a human
brain[13][14][15] datasehaving 148x190x16Qesolution
anda humanheart[16] datasetwvhich is of 256x256x256
resolution. Thesedatasetsare full 3D grids with 3D dif-
fusion tensorinformation at eachpoint. Figure 3 is an
exampleof visualizationusinghyperstreamlinegenerated
by randomseedingwith Poissorspheredistribution. From
this gure, it is very dif cult for theuserto understandhe
datasetor identify the ber structuresdueto visual clut-
ter occlusion.Figure4, 5 andé6 illustratethe resultof this
anisotroy basedseedingapproachwhenappliedto these
two diffusiontensorMRI datasets. For the brain dataset,
white matter ber structuresareeffectively detectedy us-
ing alinear anisotropy valueof 0.5 for the surfaceextrac-
tion. In the heartmuscle, the major and medianeigerval-
uesarevery closeto eachotherevenin the regionscorre-
spondingto biologicaltissues.For this reasonwe usethe
anisotrofy combinedfrom linear and planar coefcients.
The 0.35anisotropy valuealsoidenti es the heartmuscle
structureasin gure 6.

In this paperwe useJacobis method/17] to compute
the eigervaluesand eigervectors. Jacobiiterationis a re-
liable methodthat producesuniformly accurateeigenpairs
for a symmetricmatrix. Using this method,a solutionis
guaranteedor all realsymmetricmatrices.

The hyperstreamlineseedingprogramis written in
C++ andusesOpenGLfor graphics,FLTK for the graph-
ical user interface and VTK for the isosurace extrac-
tion(marchingcubes).It wastestedona 1.8 GHz Pentium
4 computemwith an ATl Radeor750032MB graphicscard
and 1GB RAM. It takes approximateone minute for the
wholeseedingprocessandhyperstreamlinegeneration.

5 Conclusionsand Futur e Work

In this paper we presenta seedingstratgy basedon
anisotroy measurementgor visualizing 3D symmetric
tensordatausinghyperstreamlinesThis approactenables
automatedjeneratiorof seedingemplatego achiere abet-
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 the tensor
eld. Priortensoranalysisor generainformationaboutthe
tensortopologywill be helpful but is not required. Some
future directionsinclude: (a) exploring the possibility of
extendingthis anisotroly basedapproachon tensor elds
other than diffusion tensoror symmetrictensor (b) ap-
plying ef cient Itering algorithmsbasedon anisotrogy or
other tensorpropertiesthat can further re ne the hyper
streamlines,(c) combining tensortopology analysisand
tensorpropertymeasurementfor seedingand clutter re-
ductionpurposes.



Figure 3. Hyperstreamlinegieneratedrom major eigen-
vector eld of humanbraindiffusiontensordataset.Ran-
dom seedingwith Poissonspheredistribution. Color is
mappedo linearanisotroy . 500hyperstreamlines.

Figure4. Hyperstreamlinegieneratedrom major eigen-
vector eld of humanbraindiffusiontensordatasetA lin-
earanisotroy measurementalue is usedto ex-
tractthe isosurbiceandform the seedingtemplate. Color
is mappedto linear anisotroy coefcient . 500 hyper
streamlines.

Figure5. Hyperstreamlinegieneratedrom major eigen-
vector eld of humanbraindiffusiontensordatasetA lin-
earanisotroy measurementalue is usedto ex-
tracttheisosuriceandform the seedingemplate Coloris
mappedo . 1200hyperstreamlines.

Figure 6. Hyperstreamlinegieneratedrom major eigen-
vector eld of humanheartdiffusiontensordatasetA sum

of linearandplanarmeasurementalue is used
to extract the isosurkice and form the seedingtemplate.
Color is mappedto anisotroly coefcient . 800 hyper
streamlines.
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