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Abstract
Whileisosurfacesofanisotropymeasuresfor datafromdiffusiontensormagneticresonanceimaging(DT-MRI)are
knownto depictmajoranatomicalstructures,theanisotropymetricreducestherich tensordatato a simplescalar
�eld. In thiswork,wesuggestthatthepart of thedatawhich hasbeenignoredbythemetriccanbeusedto segment
anisotropyisosurfacesinto anatomicallymeaningfulregions.For theimplementation,weproposean edge-based
watershedmethodthat adaptsandextendsa methodfromcurvature-basedmeshsegmentation[ MW99]. Finally,
weusethesegmentationresultsto enhancevisualizationof thedata.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.4.6 [ImageProcessingandComputerVision]: Re-
giongrowing, partitioning

1. Intr oduction

Diffusion-tensormagneticresonanceimaging(DT-MRI) is
amedicalimagingmodalitythatmeasurestheself-diffusion
of watermolecules.This allows conclusionsaboutthe mi-
crostructureof the tissuethat restrictsmolecularmovement
[BP96]. In eachvoxel, the methoddeterminesa symmetric
3 � 3 matrix (a diffusion tensor) that modelsthe observed
distributionof apparentdiffusivities.

Most frequently, DT-MRI is appliedto the humanbrain.
Thehigh complexity of suchdiffusiontensor�elds haslead
to the developmentof a numberof complementaryvisual-
izationtechniques,eachconveying someportionof thedata
(cf. bookchapters[VZKL06,ZKL05]).

One of these techniques are isosurfaces of scalar
anisotropy measures,which give a large-scaleoverview of
the data.It hasbeenshown that thesesurfacesallow one
to identify importantanatomicstructureswithin the brain
[ZMB� 03] andthey have subsequentlybeenmadeavailable
in packagesfor DT-MRI visualization(e.g.,[Sci06]). In the
presentwork, we suggesta methodfor automaticsegmen-
tation of theseisosurfacesinto regions that correspondto
anatomicunits revealedby the data.Subsequently, we use
theresultsto enhancevisualizationof thedata.

Examininganisotropy isosurfacesis madedif�cult by the
factthatthey arecomplex andconvoluted,sostructuresdeep
within the brain areoccludedby structuresfurther outside

from mostviewpoints.User-de�nedclippingplanesaresuit-
ablefor cuttingalongany of thecoordinateplanes;however,
they do not offer a naturalandconvenienttool to eliminate
outerpartsof thesurface.

Reducingthevisibility of outerstructuresby changingthe
isovaluewill not in generalgive acceptableresults,asit can
alsochangetheappearanceof innerstructuressigni�cantly.
Segmentingthe surfaceeasilyallows the userto view only
thepartssheis interestedin.

Moreover, coloringtheextractedisosurfacemeshaccord-
ing to theregionshelpsto visually identify anatomicallyre-
levant partsat �rst glanceandchosingregion colorsbased
onanaveragetensorrepresentativerevealsif a region is uni-
form in orientationandtensorshape.

In the following section,we will discussexisting meth-
odsfor meshsegmentationandrelatethemto ourown work.
Section3 gives a review of the anisotropy measuresfrom
whichtheisosurfacesareextracted.Section4 formalizesour
segmentationcriterion,which is thenusedby thealgorithm
describedin Section5. Resultsare presentedin Section6
beforethepaperconcludesin Section7.

2. RelatedWork

One fundamentalidea in our work is to use the magni-
tudeof directionalderivativesin the tensor�eld asa crite-
rion to segmentanisotropy isosurfaces.While previouswork

c
 TheEurographicsAssociation2007.



T. Schultz,H. Theisel& H.-P. Seidel/ Segmentationof DT-MRI AnisotropyIsosurfaces

hascon�rmed that the magnitudeof the tensor�eld gradi-
ent indicatessemanticallysigni�cant boundariesin thedata
[PAB02,OGW04,Kin06] andcanbeusedto steergeodesic
active contours[FWB03], suchdifferentialinformationhas
so far not beenusedto segmentisosurfacemeshes.More-
over, we considerdirectionalderivativesratherthanthefull
gradientmagnitude,which is critical for our results.

Watershed-typesegmentationmethodsare steeredby a
scalar“height” �eld. Sincethederivative magnitudecanbe
usedto de�ne suchascalar�eld ontheisosurface,they offer
themselvesasa naturalcandidatefor theimplementationof
our idea.Thewatershedprinciplehaspreviously beenused
for surfacesegmentationby ManganandWhitaker [MW99]
and several authorsafter them (cf. [CG06] and references
therein).However, theseworks have a completelydifferent
background:They aimatsegmentinggeneralsurfacemeshes
accordingto their geometricproperties,while our method
dependson the underlying tensor �eld and �nds regions
whicharenotde�ned by surfacegeometry.

Both Rettmannet al. [RHHP02] and Vivodtzev et al.
[VLB � 03] have segmentedisosurfacesfrom cranial MRI.
Their approachesare basedon geodesicdepthand curva-
ture,respectively, whicharesuitableto segmentthegyri and
sulci of the cortical surface,but do not allow segmentation
of themajorwhite matterstructuresdepictedby anisotropy
isosurfaces.Our methoddraws on information about�ber
orientation,which is speci�c to DT-MRI andnot presentin
theconventionalMRI datathesetwo worksdealwith.

All watershed-basedmeshsegmentationmethodswe are
awareof de�ne a height�eld on the meshverticesto steer
the segmentationprocess.For our application,we found it
moreadvantageousto de�ne edgeweights,asdiscussedin
Section4. While the work by Pageet al. [PKA03] belongs
to thegroupof geometry-basedmethods,it comesclosestto
our approachin thatit usesa directionalheight�eld to con-
trol the�nal stepof thesegmentation.However, atthatstage,
all regionshave alreadybeenfoundand70–90%of thever-
ticeshavebeenlabeledbasedonvertex-speci�c information,
sobesideits distinctsegmentationcriterion,ourwork canbe
regardedasacontribution to meshsegmentationin general.

As analternative to anisotropy isosurfaces,directvolume
renderingof DT-MRI datahasbeensuggested[KWH00].
While thatapproachis notlimited to depictingisosurfacesof
anisotropy metrics,it hasbeenusedto produceresultsthat
arecomparableto renderingsof isosurfaces[VZKL06] and
sharetheir problemsregardingocclusions.In this work, we
concentrateonisosurfacesbecauseoursegmentationmethod
requiresexplicit geometry.

3. Measuresof Anisotropy

Tensor�elds on R3 in generaldo not have isosurfaces.In-
stead,the surfaceswe considerin this paperare isosur-

facesof a scalar�eld that resultsfrom theapplicationof an
anisotropy metric.

Anisotropy is ameasureof thedegreeto which theappar-
entdiffusivity in avoxel is directionallydependent.Alterna-
tively, anisotropy canbe thoughtof asthe degreeto which
thediffusionellipsoiddeviatesfrom a sphere.In thehuman
brain,high anisotropy indicatescoherentlyorganizednerve
�bers, soanisotropy isosurfacesoutlinethecontoursof ma-
jor whitemattertracts.

In the context of DT-MRI, fractional anisotropy (FA)
[BP96] is the mostwidely usedmeasureof anisotropy. Let
D denotea diffusion tensorand D̄ := D � 1

3 tr(D)I be its
anisotropicpart,wheretr is the matrix trace.Then,the FA
is de�ned astherelative magnitudeof D̄ with respectto the
FrobeniusnormkDk :=

p
tr(DDT ), rescaledto lie in [0;1]:

FA :=

r
3
2

kD̄k
kDk

(1)

However, the FA ignoresthe modeof anisotropy, i.e., it
doesnot tell us whetherthe diffusion ellipsoid hasa more
linear or a more planarshape.The geometricalmeasures
suggestedby Westinet al. [WPG� 97] area frequentchoice
when this additional information is required.They are in-
terpretedascoordinatescl , cp andcs of the tensorrelative
to the extremal casesof linear, planar, or sphericalshape,
respectively. Their mostcommonde�nition in termsof the
sortedeigenvaluesl 1 � l 2 � l 3 and the eigenvalue sum
l̄ := l 1 + l 2 + l 3 of D is:

cl :=
l 1 � l 2

l̄
cp :=

2(l 2 � l 3)
l̄

cs :=
3l 3

l̄
(2)

The isosurfacesdescribedin this paperare obtainedby
evaluating FA or, respectively, cl for each tensor in the
datasetandrunningthestandardMarchingCubesalgorithm
[LC87] on theresultingscalar�eld.

4. De�nition of EdgeWeights

Ourapproachexploits thefactthathigh local contrastin the
dataindicatesan anatomicalboundary[PAB02], wherelo-
cal contrastis measuredas the magnitudeof a directional
derivative. In tensor�elds, directionalderivativesareagain
tensors,andtheirmagnitudeis givenby theFrobeniusnorm.

Accordingto this, two nodeson the isosurfacearelikely
to belongto differentregionsif the integratedmagnitudeof
thedirectionalderivative alongtheir commonedgeis high.
Wewill referto thisvalueastheedgeweightw

w :=
Z

edge










¶D(r (t))
¶e








 ds (3)

whereeis thedirectionof theedge,whichis parametrizedas
r(t). In practice,we approximatethe integral by evaluating
the magnitudeof the directionalderivative at the centerof
the edge,and multiplying the result with the edgelength.
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Tensor�eld derivativesareobtainedby convolutionwith the
derivativeof aC2 piecewise-cubicreconstructionkernel.

Since Equation(3) takes the integral of the derivative
magnitudealongtheedgeratherthanits average,it inducesa
biastowardsclusteringgeometricallycloseverticestogether.
This stabilizesthesegmentationin caseswheretheMarch-
ing Cubesalgorithmgeneratedextremelyshortedges.

In cerebrospinal�uid (CSF),theapparentdiffusioncoef-
�cients aremuchhigherthanwithin tissue,leadingto large
diffusion tensortraces.Varying amountsof partial volum-
ing with CSFatventricleboundariesleadto spuriousderiva-
tivemagnitudesthatdominatethosefoundin thewhitemat-
ter structureswe areprimarily interestedin, which renders
Equation(3) unusablein such locations.However, tensor
tracehasbeenreportedto be approximatelyconstantover
functional tissue[PJB� 96], so it is safe to �lter out this
disturbance,without runningthe risk of losing relevant in-
formation elsewhere. Like previous authors[PAB02], we
achieve this by consideringthe derivative of the trace-free
deviatoric D̄ := D � 1

3 tr(D)I . By linearity of matrix trace,it
canbeobtainedby subtractingfrom thederivative tensorD0

its isotropicpartD̄0= D0� 1
3 tr(D0)I .

Taking directionalderivativesalongFA or cl isosurfaces
implicitly excludesvariationsin thesemeasures,soour seg-
mentationexploits the part of the DT-MRI datawhich has
beenignoredby the anisotropy metric.Sincewe explicitly
eliminatethe in�uence of tensortrace,the only remaining
degreesof freedomarethoseanisotropy changeswhich are
notcapturedby ourmetric(i.e.,changesin anisotropy mode
for FA or, respectively, in planaranisotropy for cl ) and,most
of all, changesin orientation.Thisobservationmakesit plau-
siblethatthesegmentationcriterionpresentedherewill yield
anatomicallymeaningfulresults,sincesharpchangesin �ber
orientationarelikely to indicateananatomicalboundary.

As in scalar�elds, directionalderivativesin tensor�elds
canbedeterminedfrom thegradientvia thechainrule.The
gradientr D of a tensor�eld is a third-ordertensor, which
canbe thoughtof asa three-vectorof its partial derivatives
D(x) , D(y) , andD(z) . A directionalderivative is obtainedby
takingtheinnervector-tensorproductwith aunit-lengthvec-
tor e= (ex;ey;ez)

T thatde�nes thedesireddirection.Com-
binedwith the �ltering of tensortrace,the formula for the
tracelessdirectionalderivativemagnitudeM reads

M =










 å

i2f x;y;zg
ei

�
D(i) �

1
3

tr
�

D(i)
�

I
� 










(4)

We �rst tried to apply a variant of the algorithm in
[MW99] to our problem,which requiresthe de�nition of a
height�eld on themeshvertices.Accordingto thesameba-
sic segmentationcriterion,sucha �eld canbede�ned from
the derivativesin any two orthogonaldirectionsperpendic-
ular to the surfacenormal. However, thereare verticesat
which thederivative magnitudevariesconsiderablyfor dif-

ferentdirectionswithin the tangentplane,so we may want
suchverticesto be includedin the sameregion asspeci�c
neighbors.For thisreason,thenovel segmentationalgorithm
describedin the following sectionperformsbetterthanex-
istingwatershed-basedmethodsthatrely onvertex heights.

5. Performing the Segmentation

Like most watershed-basedalgorithms,our segmentation
method�nds initial regionsbasedonlocalminima,followed
by a merging processto reducetheoversegmentationwhich
typicallyoccursin the�rst stage.Additionally, ouralgorithm
requiresa third stagein which it removesundesired“noise”
regionsthathavenotbeenmatchedby themergingcriterion.

5.1. Finding Initial Regions

Theideabehindtheinitial stepis thateachvertex mostlikely
lies in thesameregionasthevertex to which it is connected
by the edgeof leastweight w. From that neighbor, we re-
cursively traversethemeshuntil weeithermeetavertex that
alreadyhasa label,which canthenbecopiedto all vertices
on our path,or until we entera vertex throughits minimal
edge,in whichcaseanew region is formed.

Forclarity, theexplanationaboveadoptsthetop-downfor-
mulation which is frequentlymet in the watershedlitera-
ture [MW99, PKA03]. Our actualimplementationusesthe
bottom-upequivalent,startingat edgesthatareminimal for
boththeirverticesandrecursively labelingall nodesthatare
reachedvia theirminimaledge.Thischoiceis amerematter
of taste,astheresultsof bothformulationswill bethesame.

This stepof our algorithmis very similar to the original
methodby Mangan and Whitaker [MW99], except that it
usesedgeweightsto decideon thetransitions.On a typical
isosurfacemeshwith 44kvertices(half of which is shown in
Figure3), this stepproducesalmost13k regions.

5.2. Merging CloseRegions

Watershedmethodsfrequentlyusecloselyrelatedcriteriafor
the initial oversegmentationandthemerging. For example,
previousauthors[MW99,RHHP02] havesimplymergedre-
gionsbasedon thelowestpoint on their commonboundary.
In our context, high edgeweightsalong a large part of a
boundaryarea goodindicatorthat the adjacentregionsare
distinct,even if they shareoneor two cheaperedges.Con-
sequently, we decideto integratethe directionalderivative
magnitudesover thefull boundary.

Figure 1 clari�es the terminologyof the following sec-
tion: Ona triangularmesh,aboundaryline is formedby the
edgesthatconnectthenodesattheboundaryof aregion.The
trianglestrip betweenthe boundarylines of any two adja-
centregionsis whatwecall theirboundary. Any trianglefor
whichexactlytwo of its verticesbelongto thesameregionis
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Figure 1: In our terminology, the area betweenany two
adjacent regions (shadesof gray) is called their bound-
ary (white). Boundary lines are showndashed,the mid-
boundaryline is strong black. A single boundarytriangle
hasbeenhatched.

calleda boundarytriangle. The line segmentthat connects
themidpointsof its two edgeswithin theboundaryis partof
themid-boundaryline.

TheintegratedweightW alongaboundaryis givenby

W :=
ZZ

boundary

"
2

å
i= 1










¶D(b(s;t))
¶vi










2
# 1

2

dA (5)

whereb(s;t) parametrizesthesurfacebetweentheboundary
linesandthevi areany two unit vectorsthatspanthesurface
elementdA. In practice,we again �lter the derivatives,as
describedby Equation(4).

We approximatetheintegral in (5) for eachboundarytri-
angleby evaluatingthedirectionalderivative magnitudesat
themidpointof eachof its edges,averagingthe resultsand
multiplying themwith the areaof the triangle.Among the
samplingschemeswe have tried, this onewasthemostreli-
able,presumablybecauseit placessamplingpointsalongthe
mid-boundaryline,atthecenterof theboundary. Also, it can
beef�ciently implementedby storingthetensor�eld gradi-
entswhichhave beencalculatedin the�rst stageasedgeat-
tributesandonly re-evaluatingtheinnervector-tensorprod-
ucts,aswell astheFrobeniusnormof theresult.

Thelengthof boundarylinesis not anindicatorof region
saliency: In particular, distinctregionscanmeetalongshort
boundarylines.Consequently, wede�ne theeffectiveweight
W0 := W=l , wherel is thelengthof themid-boundaryline.

Junctionsaretrianglesfor which eachvertex belongsto
a differentregion, so they areplacesin which threebound-
ariesmeet.We distribute the informationfrom junctionsto
thethreeadjacentboundariesby addingonethird of thetri-
angle's weight, areaand mid-boundarylength to eachof
them.While the integral in (5) canbe evaluatedasbefore,
thelengthof themid-boundaryline is now estimatedby av-
eragingoverbothpossiblecon�gurations(cf. Figure2).

Sincethe boundarieswe integrateover are changedby
merges,theorderof mergeoperationsplaysasigni�cant role

Figure2: In a junction,all threeverticesbelongto different
regions(central triangle).Thus,there are two possiblecon-
tinuationsof each mid-boundaryline, shownheredottedfor
theonecomingfrombelow.

for the�nal result.Wekeepall boundariesin apriority queue
and iteratively merge the lightest one,until a user-de�ned
thresholdonW0 is reached.

Themerging stepis thecoreof our method,reducingthe
13k initial regionsin theabove exampleto 623moremean-
ingful ones.In termsof meshsegmentationin general,it is
alsothemainnovelty of ourapproach.We expectthatit can
betransferredto othersegmentationgoals,aslong asa rea-
sonablede�nition of edgeweightscanbegiven.

5.3. Cleaningup

While watershedapproachesthatarebasedon a height�eld
have an inherent notion of a basin depth, which relates
boundaryheightto theminimalheightwithin theregionand
is frequentlyusedasamergingcriterion[MW99,RHHP02],
ourdescribedalgorithmexclusively considersabsoluteedge
weightsalongthe boundaryof a region. Consequently, for
regions that are fully containedin areasof high gradient
magnitude,noneof the boundariesareever selectedin the
mergingstep,andareleft asnoiseat theendof thatstage.

We eliminatethis remainingoversegmentationin a �nal
step,by forcingamergeof all regionsfor which thenumber
of internaledgesis lowerthanthenumberof edgesthatform
the boundary. This conditionsuccessfullytreatsboth cases
of noiseregionsencounteredin practice,i.e., very small re-
gionsandthin andelongatedregionsalongtheboundaryof
two largerones,without introducingany new parameters.In
all cases,largeandlegitimateregionswerepreserved.

The merging partnerfor the noiseregionswasagain se-
lectedusing the lowesteffective weightW0. However, this
choiceis not critical, sinceit only affectsminor regions.In
our example,the �nal stepremoved 536 out of the 623 re-
gionsleft aftermerging.

5.4. Noteson the Implementation

To implementthedescribedsegmentationmethodin anef�-
cientmanner, we traversethemeshonly once,for theinitial
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labeling.The subsequentmerging and cleaningstagesare
performedby keepingasimpledatastructurefor eachregion
and boundary, respectively. For eachregion, we store the
numberof internalandboundaryedges,a list of all bound-
ary indices,anda list of all regionsthat have beenmerged
into this region. For eachboundary, we storetheassociated
regionandedgeindices,aswell astheaccumulatedweights
W, andmid-boundaryline lengthl .

Merging itself is performedusing a priority queuethat
holds all boundaryindicesand their effective weightsW0.
We maintainanarraythattells usfor eachregion of theini-
tial oversegmentation,to which of the remainingregionsit
is merged.If a third region is adjacentto both regionswe
areaboutto merge,we alsoneedto merge the correspond-
ing boundaries,which requiresthe priority queueto allow
ef�cient updatesof non-topelements.In addition,somecare
hasto betakenasamergemayturna formerjunctioninto a
boundarytriangle and the boundaryinformationhasto be
updatedaccordingly. This casecan be checked using the
edgelist of theboundarythatcausedthemerge.

OurprototypeimplementationusestheC++standardtem-
plate library (STL) for most requireddatastructures,and
the teemlibrary for taking derivatives in the tensor�eld.
For typicaldatasets,it goesthroughthewholesegmentation
pipeline,from computationof thederivativesto outputof the
�nal segmentedmesh,in lessthanthreesecondsona2GHz
Athlon 64 processor. This timing holdsboth for the exam-
ple discussedabove (44k vertices),andfor all otherresults
presentedin thefollowing section.

6. Results

Anisotropy isosurfacestypically consistof onelarge,central
surfaceandseveral smalleronesaroundit. To avoid visual
clutter, we have performeda connectedcomponentanalysis
andonly retainedthemaincomponentin all our examples.
Thus,thepresentedregionshave all beenfoundby our seg-
mentationmethod.

Like previousauthors[ZMB� 03,VZKL06], we have ex-
perimentedwith different valuesto �nd an isolevel which
clearlydepictsthestructuresof interest.However, sinceboth
FA andcl arenormalizedto therange[0;1], similarisovalues
givecomparableresultsondifferentdatasets.

6.1. SegmentationResultsand Region-basedClipping

Figure3 presentsasampleresultfrom runningouralgorithm
on an isosurfaceat FA=0:5. In Sub�gure (b), we assigna
randompseudocolorto eachregion in order to emphasize
the boundariesfound by our method.A comparisonto im-
agesin abrainatlas[SSS06] suggeststhatoursegmentation
correctlycapturesa numberof anatomicstructures.For ex-
ample,thecingulumbundle(Cing) is clearlyseparatedfrom
the corpuscallosum(CC), andthe internal capsule(IC) is
recognizedasa regionof its own.

Notethatthecorpuscallosumhasnotbeenseparatedfrom
the corona radiata (CR), re�ecting the fact that thereis a
smoothtransitionbetweenbothstructures:In fact,the�bers
fromtheinternalcapsulewhichfanoutin thecoronaradiata
areintermingledwith �bers that passthe corpuscallosum.
Thus,apurelyboundary-basedsegmentationmethodcannot
distinguishthem.

In Figure4, wedemonstratehow thesegmentationresults
canbeusedto clip partsof thesurfacethatmayoccludeparts
we aremoreinterestedin. Sub�gure (a) displaysthelargest
connectedcomponentof anFA isosurface,while theuserhas
selectedtheregion thatcorrespondsto thecorpuscallosum
andthecoronaradiatawith themouseandclippedall other
regions to get a betterview on the ventralpart of the CC,
which is mostlyhiddenin (a).

6.2. Coloring Regionsby Representative

Once we have obtaineda segmentation,it is possibleto
computeone tensorper region that representsits average
diffusion behaviour. We determinethis representative as a
weightedaverageof the datawithin the region, wherethe
tensorat eachvertex is weightedby thesumof areasof all
adjacenttrianglesthatbelongto thesameregion.

Consequently, theregioncolorcanbechosenbasedon its
representative.We applythestandardXYZ-RGB schemein
whichtheabsolutevaluesof thex, y, andzcomponentsfrom
the principal eigenvectoraremappedto the red,greenand
bluecolor channels,respectively. Sincetheprincipaleigen-
vector is only well-de�ned if the largesteigenvalue is suf-
�ciently distinct from the secondlargestone,the resulting
colormustbemodulatedwith ameasureof linearanisotropy.

We decideto scalesaturationwith the squareroot of cl .
While usingcl itself is morecommon,averagingtypically
leadsto more-or-lessisotropictensors,whichresultin undis-
tinguishableregion colors when using standardschemes.
Even with this modi�cation, our colorsappearfainter than
what the viewer may be usedto from looking at DT-MRI
data,but wechoseto preservethiseffectasavisualreminder
of the fact that we aredealingwith averagetensors,whose
directionis inherentlylessclearlyde�ned thanthedirection
of asingledatapointmaybe.

In orderto ensureexpressiveregionrepresentativeswhich
arewell-suitedfor coloring,wemodify theterminationcrite-
rion for thesegmentation:In additionto providing a thresh-
old on theeffective boundaryweightW0, we now specifya
lowerthresholdfor thelinearanisotropy cl of theregionrep-
resentative that would result from a merge. If it is too low,
we areno longerable to assigna clearcolor to the result-
ing region.Consequently, theselectedboundaryis removed
from thequeuewithout causinga merge.Otherwise,our al-
gorithmis carriedoutasdescribedin Section5.

Sincechangesin tensororientationdominateoursegmen-
tationcriterion(cf. Section4), it is unlikely thattwo adjacent
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(a) (b)

Figure 3: A part of an FA=0:5 isosurface, viewedfromthemidsagittal plane. (a) showsthestandard XYZ-RGBcolor scheme,
(b) presentsanannotatedsegmentationresultin randompseudocolors.

(a) (b)

Figure 4: Segmentationresultscanbeusedto revealpartsof thesurfacewhich are otherwiseoccluded.While (a) showsthe
largest connectedcomponentof an FA isosurface, parts of it havebeenclipped in (b) to give a better view on the corpus
callosum.
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(a) (b)

Figure 5: An isosurfaceat cl = 0:26, seenfromthefront/top/right.(a) showsthestandard XYZ-RGBcolor scheme, while (b)
presentsthe abstraction providedby a segmentationwith region representativecoloring. Theannotationsillustrate that our
methodhasidenti�ed anatomicallyrelevantregions.

regionswill have representativeswhich areso similar that
theresultingregioncolorscannotbedistinguishedvisually.

In Figure5 (b), we usea combinationof stoppingregion
merging with the cl criterion andcoloring regionsby their
representativetoabstractfromvariationswithin anatomicre-
gions,allowing to tell apartthesigni�cant unitsat �rst sight
andstill indicatingtheiroverall 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 aremostly occludedin Figure 3. The
corpuscallosum(CC) is separatedfrom the cingulumbun-
dle (Cing),andtheregion-basedcl criterionevenallowedto
distinguishit from thecoronaradiata(CR).

7. Conclusionand Futur eWork

In this work, we have suggestedthat the part of diffusion
tensordatawhich is ignoredby theanisotropy measurecan
beusedto segmentanisotropy isosurfacesin ananatomically
meaningfulmanner, effectively addinginformationto thevi-
sualizationandallowing theuserto concentrateon partsof
thesurfacethatmaybeof particularinterest.

We have demonstratedpracticalsegmentationresultsus-
ing an ef�cient edge-basedwatershedapproach,which ex-
tendsmethodsthat have previously beendescribedin the

context of geometry-basedmeshsegmentation.Thesegmen-
tatedregionshavebeenshown to re�ect anumberof anatom-
ically distinctstructuresandwehaveusedtheresultsto pro-
vide anabstractedview on thedatathatonly shows relevant
structuresandtheiroverall properties.

Eventhoughanisotropy isosurfaceshavebeenintroduced
for thevisualizationof DT-MRI dataearlyon, they have so
far not received much scienti�c attention,presumablybe-
causeapplyingananisotropy metricreducesthetensordata
to a simplescalar�eld that canbe processedusingany of
thewell-known methodsfor isosurfaceextraction.However,
notethat both the FA andcl measuresarenonlinearin the
tensorvalues,so we introducean error by assuminglin-
ear interpolationwhen extracting the isosurface. In high-
curvatureregions of the mesh,we have observed artifacts
thatstemfrom this fact.Upsamplingthe tensor�eld before
applying the metric helps,but its advantagesareminor on
largepartsof themeshandit makesisosurfaceextractiontoo
slow to bepracticable.Thus,thedevelopmentof anadaptive
methodfor anisotropy isosurfaceextractionmaybeaninter-
estinggoalof futureresearch.

Also, it may be interestingto seewhere the resultsof
our methoddiffer whenappliedto high angularresolution
diffusion (HARD) MRI measurements,which do not em-
ploy thestandardsecond-orderdiffusiontensormodel.Dif-
ferentanisotropy metricsfor suchdatahave beenproposed
[Fra01,ÖVM05], sowe expectthat it would not bedif�cult
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to extract isosurfacesfrom themandsegmentthoseby ap-
propriatelymodifyingourde�nition of edgeweights.
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