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Abstract

Whileisosurface®f anisotopymeasuesfor datafromdiffusiontensormagneticresonancémaging (DT-MRI) are

knownto depictmajor anatomicalstructuies,theanisotiopymetricreducegherich tensordatato a simplescalar

eld. In thiswork,wesugestthatthe part of thedatawhich hasbeenignoredby the metriccanbeusedto sggment
anisotiopyisosurfacesnto anatomicallymeaningfukegions.For theimplementationye proposean edge-based
wateishedmethodthat adaptsand extendsa methodfrom curvatuie-basedneshsegmentatiof MW99. Finally,
we usethe sggmentatiorresultsto enhancevisualizationof thedata.

Catgoriesand SubjectDescriptorgaccordingto ACM CCS) 1.4.6 [ImageProcessingand ComputerVision]: Re-

gion growing, partitioning

1. Intr oduction

Diffusion-tensomagneticresonancémaging (DT-MRI) is

amedicalimagingmodalitythatmeasureshe self-diffusion
of watermolecules.This allows conclusionsaboutthe mi-

crostructureof the tissuethatrestrictsmolecularmovement
[BP94. In eachvoxel, the methoddeterminesa symmetric
3 3 matrix (a diffusiontenso) that modelsthe obsened
distribution of apparentliffusivities.

Most frequently DT-MRI is appliedto the humanbrain.
Thehigh compleity of suchdiffusiontensor elds haslead
to the developmentof a numberof complementaryisual-
izationtechniqueseachcorveying someportion of thedata
(cf. bookchapter§VZKL06,ZKLO5]).

One of these techniques are isosurfices of scalar
anisotroy measureswhich give a large-scaleovervien of
the data. It hasbeenshavn that thesesurfacesallow one
to identify importantanatomicstructureswithin the brain
[ZMB 03] andthey have subsequentlpeenmadeavailable
in packagegor DT-MRI visualization(e.g.,[Sci0§). In the
presentwork, we suggest methodfor automaticsggmen-
tation of theseisosurficesinto regions that correspondo
anatomicunits revealedby the data.Subsequentlywe use
theresultsto enhanceisualizationof the data.

Examininganisotroy isosurficess madedif cult by the
factthatthey arecomplex andconvoluted,sostructuresleep
within the brain are occludedby structuresfurther outside
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from mostviewpoints.Userde ned clipping planesaresuit-
ablefor cuttingalongary of thecoordinateplaneshowever,

they do not offer a naturaland convenienttool to eliminate
outerpartsof thesurface.

Reducinghevisibility of outerstructuresy changinghe
isovaluewill notin generalgive acceptableesults,asit can
alsochangethe appearancef inner structuressigni cantly.
Sgymentingthe surfaceeasily allows the userto view only
thepartssheis interestedn.

Moreover, coloringthe extractedisosuricemeshaccord-
ing to theregionshelpsto visually identify anatomicallyre-
levant partsat rst glanceandchosingregion colorsbased
onanaveragetensorrepresentatie revealsif aregionis uni-
form in orientationandtensorshape.

In the following section,we will discussexisting meth-
odsfor meshsegmentatiorandrelatethemto our own work.
Section3 gives a review of the anisotroy measuresrom
whichtheisosurficesareextracted Sectiond formalizesour
segmentatiorcriterion, which is thenusedby the algorithm
describedn Section5. Resultsare presentedn Section6
beforethe paperconcludesn Section?.

2. RelatedWork

One fundamentalidea in our work is to use the magni-
tude of directionalderivativesin thetensor eld asa crite-
rion to segmentanisotroy isosurbcesWhile previouswork
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hascon rmed that the magnitudeof the tensor eld gradi-
entindicatessemanticallysigni cant boundariesn the data
[PAB02, OGWO04 Kin06] andcanbe usedto steergeodesic
active contours[FWBO03, suchdifferentialinformationhas
so far not beenusedto segmentisosurbicemeshesMore-
over, we considerdirectionalderiativesratherthanthe full
gradientmagnitudewhichis critical for ourresults.

Watershed-typesegmentationmethodsare steeredby a
scalar‘height” eld. Sincethederivative magnitudecanbe
usedto de ne suchascalareld ontheisosurfice they offer
themselesasa naturalcandidatdor theimplementatiorof
our idea. The watershedrinciple haspreviously beenused
for surfacesggmentatiorby ManganandWhitaker [MW99]
and several authorsafter them (cf. [CG0§ and references
therein).However, theseworks have a completelydifferent
backgroundThey aimatsegmentinggenerakurfacemeshes
accordingto their geometricpropertieswhile our method
dependson the underlyingtensor eld and nds regions
which arenotde ned by surfacegeometry

Both Rettmannet al. [RHHP03 and Vivodtzes et al.
[VLB 03] have segmentedisosurficesfrom cranial MRI.
Their approachesre basedon geodesicdepthand curva-
ture,respectiely, which aresuitableto segmentthegyri and
sulci of the cortical surface,but do not allow segmentation
of the majorwhite matterstructuregepictedby anisotroy
isosurfices.Our methoddraws on information about ber
orientation which is speci c to DT-MRI andnot presenin
thecorventionalMRI datathesetwo worksdealwith.

All watershed-basetieshsegmentatiormethodswe are
awareof de ne a height eld on the meshverticesto steer
the segmentationprocessFor our application,we found it
more advantageouso de ne edgeweights,asdiscussedn
Section4. While the work by Pageet al. [PKAO3] belongs
to thegroupof geometry-basenhethodsjt comesclosesto
our approacthin thatit usesadirectionalheight eld to con-
trol the nal stepof theseggmentationHowever, atthatstage,
all regionshave alreadybeenfound and70-90%of the ver-
ticeshave beenabeledbasednvertex-speci cinformation,
sobesideits distinctseggmentatiorcriterion,our work canbe
regardedasa contrilkution to meshsegmentatiorin general.

As analternatve to anisotroly isosurficesdirectvolume
renderingof DT-MRI datahasbeensuggested KWHO0O].
While thatapproachs notlimited to depictingisosurbiceof
anisotroy metrics,it hasbeenusedto produceresultsthat
arecomparablgo renderingsof isosurfices[ VZKLO06] and
sharetheir problemsregardingocclusionsin this work, we
concentratenisosurbceecauseurseggmentatiormethod
requiresexplicit geometry

3. Measuresof Anisotropy

Tensor elds on R® in generaldo not have isosurfices.In-
stead,the surfaceswe considerin this paperare iSOSur

facesof ascalareld thatresultsfrom the applicationof an
anisotroy metric.

Anisotropy is ameasuref thedegreeto whichtheappar
entdiffusivity in avoxel is directionallydependentAlterna-
tively, anisotroy canbe thoughtof asthe degreeto which
the diffusionellipsoid deviatesfrom a sphereln thehuman
brain, high anisotroy indicatescoherentlyorganizednene

bers, soanisotroy isosurficesoutlinethe contoursof ma-
jor white mattertracts.

In the context of DT-MRI, fractional anisotroy (FA)
[BP9q is the mostwidely usedmeasureof anisotroy. Let
D denotea diffusion tensorand D := D %tr(D)I be its
anisotropicpart, wheretr is the matrix trace.Then,the FA
is de ned astherelative H1agnitudeof D with respecto the

FrobeniusnormkDk := ~ tr(DDT), rescaledo lie in [0; 1]:

r _— _
3 kK
2 kDk

FA = 1)

However, the FA ignoresthe modeof anisotrop, i.e., it
doesnot tell us whetherthe diffusion ellipsoid hasa more
linear or a more planar shape.The geometricalmeasures
suggestedby Westinetal. [WPG 97] area frequentchoice
when this additionalinformationis required.They arein-
terpretedas coordinates;, cp andcs of the tensorrelative
to the extremal casesof linear, planar or sphericalshape,
respectiely. Their mostcommonde nition in termsof the
sortedeigervaluesl 1 |, | 3 andthe eigervalue sum
| =11+12+130fDis:

1 12

= =5

_ 22 1g) _ 33
= Cs:= T (2)

The isosurficesdescribedn this paperare obtainedby
evaluating FA or, respectiely, ¢, for eachtensorin the
datasetindrunningthe standardViarchingCubesalgorithm
[LC87] ontheresultingscalar eld.

4. De nition of EdgeWeights

Our approactexploits thefactthathigh local contrasin the
dataindicatesan anatomicalboundary[PAB02], wherelo-
cal contrastis measuredhs the magnitudeof a directional
derivative. In tensor elds, directionalderivativesareagain
tensorsandtheir magnitudds givenby the Frobeniusiorm.

Accordingto this, two nodeson theisosurficearelikely
to belongto differentregionsif theintegratedmagnitudeof
the directionalderivative alongtheir commonedgeis high.
We will referto this valueasthe edgeweightw

4
o)
——— ds
edge Te
whereeis thedirectionof theedgewhichis parametrizecs
r(t). In practice,we approximatethe integral by evaluating

the magnitudeof the directionalderivative at the centerof
the edge,and multiplying the resultwith the edgelength.

W=

@)
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Tensoreld derivativesareobtainedby convolutionwith the
derivative of aC? piecavise-cubicreconstructiorkernel.

Since Equation (3) takes the integral of the derivative
magnitudealongtheedgeratherthanits averageijt inducesa
biastowardsclusteringgeometricallycloseverticestogether
This stabilizesthe segmentationin casesvherethe March-
ing Cubesalgorithmgenerateaxtremelyshortedges.

In cerebrospinaluid (CSF),the apparentiffusion coef-
cients aremuchhigherthanwithin tissue leadingto large
diffusion tensortraces.Varying amountsof partial volum-
ing with CSFatventricleboundarieseadto spuriousderiva-
tive magnitudeshatdominatethosefoundin thewhite mat-
ter structureswe are primarily interestedn, which renders
Equation(3) unusablein such locations.However, tensor
tracehasbeenreportedto be approximatelyconstantover
functional tissue [PJB 9€], so it is safeto Iter out this
disturbancewithout runningthe risk of losing relevantin-
formation elsavhere. Like previous authors[PAB02], we
achieve this by consideringthe derivative of the trace-free
deviatoricD := D %tr(D)I. By linearity of matrix trace,it
canbeobtainedby subtractingrom thederivative tensorD®
its isotropicpartD’= D 1tr(DYI.

Taking directionalderivativesalongFA or ¢, isosurfices
implicitly excludesvariationsin thesemeasuressoour sey-
mentationexploits the part of the DT-MRI datawhich has
beenignoredby the anisotrofy metric. Sincewe explicitly
eliminatethe in uence of tensortrace,the only remaining
degreesof freedomarethoseanisotroy changesvhich are
not captureddy our metric(i.e.,changesn anisotroy mode
for FA or, respectiely, in planaranisotroy for ¢;) and,most
of all, changesn orientation Thisobsenationmalesit plau-
siblethatthesegmentatiorcriterionpresentedierewill yield
anatomicallymeaningfukesults sincesharpchangesn ber
orientationarelik ely to indicateananatomicaboundary

As in scalar elds, directionalderivativesin tensor elds
canbe determinedrom the gradientvia the chainrule. The
gradientr D of atensor eld is athird-ordertensor which
canbethoughtof asa three-ectorof its partial derivatives
DX, D, andD®@. A directionalderivative is obtainedby
takingtheinnervectortensomproductwith aunit-lengthvec-
tore= (ex;e,;ez)T thatde nesthedesireddirection.Com-
binedwith the Itering of tensortrace,the formula for the
tracelesslirectionalderivative magnitudeM reads

M= 8§ & DV %tr DM | (4
i2f x;y,29

We rst tried to apply a variant of the algorithm in
[MW99] to our problem,which requiresthe de nition of a
height eld onthemeshvertices Accordingto the sameba-
sic segmentatiorcriterion,sucha eld canbe de ned from
the derivativesin ary two orthogonaldirectionsperpendic-
ular to the surface normal. However, there are verticesat
which the derivative magnitudevariesconsiderablyfor dif-
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ferentdirectionswithin the tangentplane,so we may want
suchverticesto be includedin the sameregion asspeci c
neighborsFor thisreasonthenovel segmentatioralgorithm
describedn the following sectionperformsbetterthan ex-
isting watershed-basedethodghatrely on vertex heights.

5. Performing the Segmentation

Like most watershed-basedlgorithms, our segmentation
method nds initial regionsbasednlocal minima,followed
by ameging procesgo reducethe oversgmentationvhich
typically occursin the rst stage Additionally, ouralgorithm
requiresathird stagein which it removesundesired'noise”
regionsthathave notbeenmatcheddy themeging criterion.

5.1. Finding Initial Regions

Theideabehindtheinitial stepis thateachvertex mostlikely
liesin thesameregion asthevertex to whichit is connected
by the edgeof leastweight w. From that neighbor we re-
cursively traversethe meshuntil we eithermeetavertex that
alreadyhasa label,which canthenbe copiedto all vertices
on our path,or until we entera vertex throughits minimal
edge,in which caseanew regionis formed.

For clarity, theexplanatiorabove adoptghetop-dowrfor-
mulation which is frequentlymet in the watersheditera-
ture [MW99, PKAOJ]. Our actualimplementatiorusesthe
bottom-upequivalent,startingat edgeshatareminimal for
boththeirverticesandrecursvely labelingall nodeshatare
reachediia their minimal edge.This choiceis amerematter
of taste astheresultsof bothformulationswill bethesame.

This stepof our algorithmis very similar to the original
methodby Mangan and Whitaker [MW99], exceptthat it
usesedgeweightsto decideon the transitions.On a typical
isosurbicemeshwith 44k vertices(half of whichis shovnin
Figure3), this stepproducesalmostl3kregions.

5.2. Merging CloseRegions

Watershednethoddrequentlyusecloselyrelatedcriteriafor
theinitial oversggmentationrandthe memging. For example,
previousauthord MW99, RHHPO0Z have simply meigedre-
gionsbasedn the lowestpoint on their commonboundary
In our contet, high edgeweightsalong a large part of a
boundaryare a goodindicatorthatthe adjacentregionsare
distinct, evenif they shareoneor two cheaperedgesCon-
sequentlywe decideto integratethe directional derivative
magnitudeoverthefull boundary

Figure 1 clari es the terminologyof the following sec-
tion: Onatriangularmesh,aboundaryline is formedby the
edgeghatconnecthenodesattheboundaryof aregion. The
triangle strip betweenthe boundarylines of ary two adja-
centregionsis whatwe call theirboundary Any trianglefor
which exactly two of its verticesbelongto thesameregionis
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Figure 1: In our terminolay, the area betweenany two
adjacentregions (shadesof gray) is called their bound-
ary (white). Boundarylines are shown dashed,the mid-
boundaryline is strong bladk. A single boundarytriangle
hasbeenhatded.

calleda boundarytriangle. The line sggmentthat connects
themidpointsof its two edgeswithin theboundaryis partof
themid-boundanyine.

TheintegratedweightW alonga boundanyis givenby

" #1
7z 2
W= £ DoY) * T
boundary =1 vi

whereb(s;t) parametrizethesurfacebetweertheboundary
linesandthev; areary two unit vectorsthatspanthesurface
elementdA. In practice,we again lter the derivatives, as
describedby Equation(4).

We approximateheintegral in (5) for eachboundarytri-
angleby evaluatingthe directionalderivative magnitudest
the midpoint of eachof its edgesaveragingthe resultsand
multiplying themwith the areaof the triangle. Among the
samplingschemesve have tried, this onewasthe mostreli-
able,presumablyecausd placessamplingpointsalongthe
mid-boundaryine, atthecenterof theboundaryAlso, it can
beef ciently implementedy storingthetensoreld gradi-
entswhich have beencalculatedn the rst stageasedgeat-
tributesandonly re-evaluatingthe innervectortensorprod-
ucts,aswell asthe Frobeniusmormof theresult.

Thelengthof boundarylinesis notanindicatorof region
salieny: In particular distinctregionscanmeetalongshort
boundaryines.Consequentlywe de ne theeffective weight
WO:= W=, wherel is thelengthof the mid-boundaryine.

Junctionsare trianglesfor which eachvertex belongsto

a differentregion, sothey areplacesin which threebound-
ariesmeet.We distribute the informationfrom junctionsto

thethreeadjacenboundariedy addingonethird of thetri-

angles weight, areaand mid-boundarylength to each of
them.While the integral in (5) canbe evaluatedasbefore,
thelengthof the mid-boundarnyline is now estimatedy av-

eragingover bothpossiblecon gurations(cf. Figure2).

Sincethe boundarieswe integrate over are changedby
meiges theorderof memgeoperationplaysasigni cantrole

N N

Figure 2: In ajunction,all threeverticesbelongto different
regions(cential triangle). Thus,there are two possiblecon-
tinuationsof eadr mid-boundaryline, shownhere dottedfor
theonecomingfrombelow

for the nal result.Wekeepall boundarie$n apriority queue
and iteratively memge the lightestone, until a userde ned
thresholdonW?is reached.

The memging stepis the coreof our method reducingthe
13kinitial regionsin the above exampleto 623 moremean-
ingful ones.In termsof meshsggmentationn general,t is
alsothe mainnovelty of our approachWe expectthatit can
be transferredo othersggmentatiorgoals,aslong asarea-
sonablede nition of edgeweightscanbegiven.

5.3. Cleaningup

While watershedpproachethatarebasedn a height eld
have an inherentnotion of a basin depth, which relates
boundaryheightto theminimal heightwithin theregionand
is frequentlyusedasa meging criterion[MW99, RHHP03,
our describedalgorithmexclusively considersabsoluteedge
weightsalongthe boundaryof a region. Consequentlyfor
regions that are fully containedin areasof high gradient
magnitude honeof the boundariesare ever selectedn the
memging step,andareleft asnoiseattheendof thatstage.

We eliminatethis remainingoversgmentationin a nal
step,by forcing ameige of all regionsfor which thenumber
of internaledgess lowerthanthenumberof edgeghatform
the boundary This condition successfullytreatsboth cases
of noiseregionsencounteredh practice,i.e., very smallre-
gionsandthin andelongtedregionsalongthe boundaryof
two largeroneswithoutintroducingary new parameterdn
all caseslargeandlegitimateregionswerepresered.

The meging partnerfor the noiseregionswasaggin se-
lectedusing the lowest effective weight W However, this
choiceis not critical, sinceit only affectsminor regions.In
our example,the nal stepremoved 536 out of the 623 re-
gionsleft aftermeiging.

5.4. Noteson the Implementation

To implementthedescribedsegmentatiormethodin anef -
cientmanneywe traversethe meshonly once,for theinitial
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labeling. The subsequentmeging and cleaningstagesare
performedby keepinga simpledatastructurefor eachregion
and boundary respectiely. For eachregion, we storethe
numberof internalandboundaryedgesa list of all bound-
ary indices,anda list of all regionsthat have beenmeiged
into this region. For eachboundarywe storethe associated
region andedgeindices,aswell astheaccumulatedveights
W, andmid-boundanyine lengthl.

Merging itself is performedusing a priority queuethat
holds all boundaryindicesand their effective weightsw®.
We maintainanarraythattells usfor eachregion of theini-
tial overs@mentationto which of the remainingregionsit
is memged. If athird region is adjacentio both regionswe
areaboutto memge, we alsoneedto mege the correspond-
ing boundarieswhich requiresthe priority queueto allow
ef cient updatef non-topelementsin addition,somecare
hasto betakenasa melge mayturn aformerjunctioninto a
boundarytriangle and the boundaryinformation hasto be
updatedaccordingly This casecan be checled using the
edgelist of the boundarythatcausedhememge.

OurprototypemplementatiousegheC++ standardem-

plate library (STL) for most requireddatastructures,and
the teemlibrary for taking derivatives in the tensor eld.
For typical datasetsit goesthroughthe whole segmentation
pipeline,from computatiorof thedervativesto outputof the
nal sgmentednesh,n lessthanthreesecond®na2 GHz
Athlon 64 processarThis timing holds both for the exam-
ple discussedbove (44k vertices),andfor all otherresults
presentedh thefollowing section.

6. Results

Anisotropy isosurficegypically consistof onelarge,central
surfaceandseveral smalleronesaroundit. To avoid visual

clutter, we have performeda connectedcomponentinalysis
andonly retainedthe main componenin all our examples.
Thus,the presentedegionshave all beenfound by our seg-

mentationmethod.

Like previous authors]ZMB 03, VZKLO06], we have ex-
perimentedwith differentvaluesto nd anisolevel which
clearlydepictsthestructure®f interest However, sinceboth
FA andc, arenormalizedo therang€[0; 1], similarisovalues
give comparableesultson differentdatasets.

6.1. SegmentationResultsand Region-basedClipping

Figure3 presentasampleresultfrom runningouralgorithm
on an isosurfceat FA=0:5. In Sub gure (b), we assigna
randompseudocolotto eachregion in orderto emphasize
the boundariefound by our method.A comparisorto im-
agesin abrainatlas[SSS0§ suggestshatour sggmentation
correctlycapturesa numberof anatomicstructuresFor ex-
ample thecingulumbundle(Cing)is clearlyseparatedrom
the corpuscallosum(CC), andthe internal capsule(IC) is
recognizedasaregion of its own.
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Notethatthecorpuscallosumhasnotbeenseparatefom
the corona radiata (CR), re ecting the fact that thereis a
smoothtransitionbetweerboth structuresin fact,the bers
fromtheinternalcapsulewvhichfanoutin thecoronaradiata
areintermingledwith bers that passthe corpuscallosum
Thus,a purelyboundary-basesegmentatiormethodcannot
distinguishthem.

In Figure4, we demonstrat&ow the sggmentatiorresults
canbeusedo clip partsof thesurfacethatmayoccludeparts
we aremoreinterestedn. Sub gure (a) displaysthe largest
connecte@omponenbf anFA isosurfice while theuserhas
selectedhe region that correspondso the corpuscallosum
andthe coronaradiatawith the mouseandclippedall other
regionsto get a betterview on the ventral part of the CC,
whichis mostlyhiddenin (a).

6.2. Coloring Regionsby Representative

Once we have obtaineda segmentation,it is possibleto

computeone tensorper region that representsts average
diffusion behaiour. We determinethis representate as a
weightedaverageof the datawithin the region, wherethe
tensorat eachvertex is weightedby the sumof areasof all

adjacentrianglesthatbelongto the sameregion.

Consequentlytheregion color canbechoserbasenits
representatie. We applythe standardXYZ-RGB schemeén
whichtheabsolutevaluesof thex, y, andzcomponentfrom
the principal eigervectorare mappedto the red, greenand
blue color channelsrespectiely. Sincethe principal eigen-
vectoris only well-de ned if the largesteigemvalueis suf-

ciently distinct from the secondargestone,the resulting
colormustbemodulatedvith ameasuref linearanisotrop.

We decideto scalesaturationwith the squareroot of c;.
While using ¢ itself is more common,averagingtypically
leadsto more-orlessisotropictensorswhichresultin undis-
tinguishableregion colors when using standardschemes.
Evenwith this modi cation, our colors appearfainterthan
what the viewer may be usedto from looking at DT-MRI
data,but we choseto preserethis effectasavisualreminder
of the factthatwe aredealingwith averagetensorswhose
directionis inherentlylessclearly de ned thanthedirection
of asingledatapoint maybe.

In orderto ensureexpressie region representatieswhich
arewell-suitedfor coloring,we modify theterminationcrite-
rion for the sggmentationin additionto providing a thresh-
old on the effective boundaryvveightWO, we now specifya
lowerthresholdor thelinearanisotroy ¢, of theregionrep-
resentatre that would resultfrom a memge. If it is too low,
we are no longerableto assigna clearcolor to the result-
ing region. Consequentiythe selectechoundaryis removed
from the queuewithout causinga mege. Otherwise pur al-
gorithmis carriedout asdescribedn Section5.

Sincechangesn tensororientationdominateour sggmen-
tationcriterion(cf. Sectiond), it is unlikely thattwo adjacent
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() (b)
Figure 3: A part of an FA=0:5 isosurfaceviewedfromthe midsayittal plane (a) showsthe standad XYZ-RGBcolor scheme
(b) presentsaan annotatedsegmentatiorresultin randompseudocolcs.

@ (b)
Figure 4: Sgmentatiorresultscan be usedto reveal parts of the surfacewhich are otherwiseoccluded While (a) showsthe
largest connecteccomponenbf an FA isosurface parts of it havebeenclippedin (b) to give a betterview on the corpus
callosum.
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@)

(b)

Figure 5: Anisosurfaceat ¢; = 0:26, seenfromthe front/top/right.(a) showsthe standad XYZ-RGBcolor scheme while (b)
presentsthe abstiaction provided by a segmentationwith region representativecoloring. The annotationsillustrate that our

methochasidenti ed anatomicallyrelevantregions.

regionswill have representaties which are so similar that
theresultingregion colorscannotbedistinguishedsisually.

In Figure5 (b), we usea combinationof stoppingregion
meiging with the ¢; criterion and coloring regions by their
representatie to abstracfrom variationswithin anatomiae-
gions,allowing to tell apartthesigni cant unitsat rst sight
andstill indicatingtheir overall orientation.

The result clearly re ects a numberof anatomicstruc-
tures: Again, a region hasbeenidenti ed that corresponds
to the internal capsule(IC). The cerebellar peduncle(CP)
and the inferior fronto-occipital fasciculus(IF) have also
beensegmented but are mostly occludedin Figure 3. The
corpuscallosum(CC) is separatedrom the cingulumbun-
dle (Cing), andtheregion-based; criterionevenallowedto
distinguishit from the coronaradiata(CR).

7. Conclusionand Futur e Work

In this work, we have suggestedhat the part of diffusion
tensordatawhich is ignoredby the anisotroy measurecan
beusedto sgmentanisotroy isosurficesn ananatomically
meaningfuimanneyeffectively addinginformationto thevi-
sualizationandallowing the userto concentraten partsof
the surfacethatmay be of particularinterest.

We have demonstrategracticalsegmentatiornresultsus-
ing an ef cient edge-baseavatershedapproachwhich ex-
tendsmethodsthat have previously beendescribedin the
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contet of geometry-basemheshsegmentationThesegmen-
tatedregionshave beenshavnto re ect anumberof anatom-
ically distinctstructuresandwe have usedtheresultsto pro-

vide anabstractediew onthe datathatonly shows relevant

structuresandtheir overall properties.

Eventhoughanisotroy isosurbiceshave beenintroduced
for thevisualizationof DT-MRI dataearly on, they have so
far not receved much scienti ¢ attention,presumablybe-
causeapplyingananisotroy metricreducegshetensordata
to a simplescalar eld that canbe processedisingary of
thewell-knowvn methoddor isosuriceextraction.However,
notethat both the FA andc, measuresrenonlinearin the
tensorvalues,so we introducean error by assuminglin-
ear interpolationwhen extracting the isosurfice. In high-
cunatureregions of the mesh,we have obsered artifacts
that stemfrom this fact. Upsamplingthe tensor eld before
applying the metric helps,but its advantagesare minor on
large partsof themeshandit makesisosurficeextractiontoo
slow to bepracticableThus,thedevelopmenbf anadaptve
methodfor anisotrofy isosurficeextractionmaybeaninter
estinggoal of futureresearch.

Also, it may be interestingto seewhere the results of
our methoddiffer when appliedto high angularresolution
diffusion (HARD) MRI measurementsyhich do not em-
ploy the standardsecond-ordediffusiontensormodel.Dif-
ferentanisotroy metricsfor suchdatahave beenproposed
[Fra01 OVMO5], sowe expectthatit would not be dif cult



T. Scultz,H. Theisel& H.-P. Seidell Sgmentatiorof DT-MRI AnisotiopyIsosurfaces

to extractisosurficesfrom themand segmentthoseby ap-
propriatelymodifying our de nition of edgeweights.
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