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Abstract

In this paper we presentan indirect volumevisualiza-
tion method,basedonthedeformablesurfacemodel,which
is a threedimensionalextensionof thesnake segmentation
method.In contrast to classicalindirectvolumevisualiza-
tion methods,this modelis not basedon iso-valuesbut on
boundaryinformation. Physicallyspeakingit simulatesa
combinationof a thin plate and a rubber skin, that is in-
fluencedby forcesimpliedby feature informationextracted
fromthegivendataset. Theapproach provesto beappro-
priate for data setsthat representa collection of objects
separatedby distinct boundaries.Thesekind of data sets
oftenoccurin medicalandtechnicaltomography, aswewill
demonstratebya few examples.

We proposea multileveladaptivefinitedifferencesolver,
which generates a target surface minimizing an energy
functionalbasedon an internal energy of the surfaceand
anouterenergyinducedbythegradientof thevolume. This
functionaltendsto produceveryregular triangular meshes
compared to resultsof the marching cubesalgorithm. It
makesthismethodattractivefor meshingin numericalsim-
ulationor texturemapping. Red-greentriangulationallows
an adaptiverefinementof themesh.Specialconsiderations
havebeenmadeto preventselfinter-penetrationof thesur-
faces.

1. Intr oduction

Many technicalandmedicaltomographicmeasurement
techniquesgeneratelargevolumetricscalarvalueddatasets,
thathave to beinterpretedby meansof visualizationmeth-
ods.

For the visualizationof volumetricdatasetstwo main
categoriesof methodsarein use:thedirectandtheindirect
visualizationmethods.Thedirectmethodsaremostlybased
on variationsof the volume ray-castingtechnique(Kauf-
mann[7]). Theindirectvisualizationmethodsextractgeo-
metric objectsfrom the dataset to be visualized. The ad-

vantageof indirectvisualizationmethodsis the possibility
to recover relevant surfacemanifoldsandthe easeof dis-
play. In consequencethe crucial questionin indirect vol-
umevisualizationis how to find meaningfulsurfaces.Up
to now mainly iso-surfaceshave beenusedfor visualiza-
tion purposes.They area powerful tool for datasetswith
smoothlyvaryingfunctionvalues,aheatflux simulationfor
instance,but they turn out to be problematicin datasets
with largegradients.In thesekind of datasetsthebound-
ary informationis usuallyof interest.Usingtheiso-surface
approachwould requireto adjustan iso-value to obtaina
specificboundary, which is notalwayspossible.

The most commoniso-surfaceextraction scheme,that
is in usetodayis themarchingcubesalgorithm(Lorensen
et al. [9]). Most researchin indirect volumevisualization
hasbeendonein theareaof theaccelerationof iso-surface
extractionanddecimation.Onepopularaccelerationtech-
niqueis to presortthecellsaccordingto thevaluerangeof
the volumein order to eliminatecells in advance,that do
not contribute trianglesto the requestediso-surface(Wil-
helm et. al [21] andShenet al. [15]). Anotheraccelera-
tion techniqueis thedecimationof theproducedpolygons
in a postprocessingstepasdoneby Schroeder[12, 13] or
theadaptive reductionof thevolumedataitself to generate
fewer polygonsmorequickly asit wasdoneby Cignoniet
al. [2] or Grossoetal. [5].

In contrastto the iso-surfaceapproach,we are looking
for surfaceswith differentpropertiesin thispaper. Ouraim
is to look for surfacesthat matchthe boundariesof a sub-
volume. Thoseareindicatedby largegradientmagnitude.
Thiscontourmodelhasbeendevelopedin thepatternrecog-
nition communityand is known as the snake conceptfor
the two dimensionalcase(Kasset al. [6]). The snake is
a curve that minimizesa potentialenergy, which consists
of an internal and an external part. The external part is
the negative of the gradientmagnitude. This attractsthe
snake to the boundaries.Many considerationsconcerning
this externalforcecanbefound in Cohenet al. [3]. Inter-
nalforcesareintroducedto stabilizetheconvergenceof this
method.Theseforcestendto minimizea weightedsumof



thefirst andsecondorderderivativesof thecurve. Theex-
ternalforcesaccountfor thestructureof thedatawhile the
internal forcesprovide someglobal regularizationproper-
ties(seealsoNeuenschwander[10]).

Firstextensionsof thisconceptto threedimensionswere
basedonsurfaceswith spinetopology, whichyieldsa three
dimensionalmodel,whoseprojectioninto an imageplane
fits a givenimage(Terzopoulusetal. [18]).

An applicationof thisconceptto tomographicaldatasets
hasbeenpresentedin Snellet al. [16]. They segmentbrain
surfacesof MRI scansby deformingan initial brain atlas,
thatis parameterizedover four individualdomains.

In our approachwe are using manifolds of arbitrary
topology. This approachis intendedfor visualizationpur-
poses.Specialconsiderationwill be paid to the generated
triangulargrid to be well shapedandto preventself inter-
penetrationof thesurface.In orderto applythefinite differ-
encetechnique,we adoptthe local reparameterizationap-
proachproposedby Neuenschwander[10].

An approachthat usesadaptive refinementfor the sur-
face,hasbeenpresentedby Sardajoenat al. [11]. In con-
trast to our goal, they do not use internal energy terms,
and just approximateiso-surfacesfrom scalardatafields.
Thedisplacementvectorsof theverticesarecomputedus-
ing a Newton iterationschemewith the correctionvector
projectedon thesurfacenormaldirection. As a refinement
criterion an error estimatorbasedon the facesizeandthe
remainingdistanceto the target surfaceis used. We will
usean error estimatorbasedon the local curvatureof the
surfaceinstead.

In section2 we introducethe mathematicalconceptof
the deformablesurfaceandits discretization.We first ex-
plain thecontinuousformulationof theminimizationprob-
lem. Fromthis formulationwe thenderive thediscreterep-
resentationof the problem. The resultingequationhasa
linearleft handsideanda non-linearright handside.In or-
der to solve this systemwe usea nestediterationscheme,
thatappliesa Gauss-Seidel-typeiterationto solve theover-
all system.Eachsinglestepduring this outerloop is eval-
uatedusinga fix-point iteration. This is necessarybecause
of the non-linearinhomogenityon the right handside. A
methodologyto prevent self intrusion of the surfacewill
alsobe presentedhere. Section3 will cover the construc-
tion of a multi-level finite differencesolver, including the
refinementcriterion, the refinementoperationandtheeffi-
cient constructionof appropriatefinite differenceweights.
In Section4 we will show a few examplesto demonstrate
the behavior of the algorithm and the quality of the gen-
eratedmeshes.A medicalanda technicalapplicationwill
alsobepresentedthere.

2. Deformable Surfaces

Let thevolumeto beanalyzedbedescribedby afunction�������
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term denotesa membraneterm that tendsto minimize the
surfacearea,whichsimulatesthebehavior of a rubberskin.
Theterm
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andsimulatesa thin plate. Thecoefficient
�

is a balancing
factor, which controlsthe relative influenceof the rubber
skin andthe thin plateaspect.Both termsstabilizetheop-
timizationprocess.Theexternalenergy term
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where
O P

denotesa Gaussiankernelwith varianceX . The
kernelis usedto generateasmoothpotentialfield outof the
data,which will improve the convergenceof the iterative
solver. This makes the approximationof the gradientby
finite differencesmorereliableandenlargesthe regionsof
attractionnearsharpboundariesin thevolumedataset.The
secondpartof thepotentialfield termmaybeusedto detect
regionswith high intensityvalues. The coefficient

G I-J4KUI
weightstheimpactof theboundaryinfluenceandthecoef-
ficient

G ��SYT KLI
describesthedirectinfluenceof theintensity

valueof thedataset.
In order to solve the describedproblemwe derive the

correspondingEuler-Lagrangedifferentialequation�Z2 � .�!1,[.\� ( 2 � �
E^] =] �

V
(1)

wherewe combinedthe threeequationscorrespondingto
thepartialderivativeswith respectto thecomponentsof � .
This differentialequationlacksa well definedsolution in
theabsenceof boundaryconditions.In ourapproachweuse
boundaryconditionsat singularpointsin the beginningof
theiterationprocess.Consequentlywedonotgetaclassical
but just a weaksolutionto this problem(seeNeunschwan-
der[10]).

We usea finite differencemethodto solve this differen-
tial equationsystem.Thediscretizationresultsin a weakly
non-linear equationsystem. The iteration matrix itself
would be linear, but we have the non-linearinhomogene-
ity

=
. Thevalues� arethedegreesof freedomatafinite set
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Figure 1. Example diff erence star for the dis-
crete Laplacian operator

of givenverticesandhave to becomputedby the iteration
process.

In orderto approximatethis systemof differentialequa-
tions, we needa discreterepresentationof the differential
operatorsin termsof divided differences.We aremaking
useof theUmbrellafunction _ to achievethisaim(Kobbelt
[8], Neuenschwander[10] ). The Umbrellafunction _ is
definedasfollows:

_ !H` ( � E ,a �Z�cb � .0` V
(2)

where
`

containsthe coordinatesof the consideredver-
tex and

b �
are the neighborsin the triangular meshwe

useto representthe surfacewith a beingthe total number
of neighbors(valenceof

`
). The Umbrella function has

beenconstructeddirectly from thedifferencestarshown in
Fig. 1. The Umbrellaof

`
is a discreteapproximationof

the Laplacianif we assumea symmetricparameterization
of theneighborhoodof

`
, i.e wewill associatetheadjacent

vertex
b �
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An approximationof the
2 �

Operatorcanbecomputedby
therecursiveapplicationof theUmbrellaoperator
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Weassumetheexternalforceto beconstantandcompute
the correctionvector u for every vertex by iteration. This
wayoneapproximatesa solutionfor thediscreteversionof
(1). v � _ .�!1,/.\� ( _ �xw !s`&y * u

(:E # = V
(5)

where
`&y

correspondsto the z -th row of theequationsys-
tem.As thefollowing equationshold_ !s` * u �
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and a � thevalenceof the B -th neighborof
b �

, we cansolve
equation(5) for u andgetthefollowing representationu
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wherethecorrectionvectorsu � , u � aredefinedasfollows:u��
E
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Thecoefficient

~
is a dampingfactorthathasto bechosen

small enoughto guaranteefor the convergenceof the iter-
ation procedure(Fix-point theoryof Banach).The damp-
ing coefficient

~
is alsofrequentlycalleda viscosityterm,

which is amorephysicalinterpretation.
The correctionvectorsare equivalent to the solutions,

thatsatisfythefollowing equations:_ !H` * u��
({E A

(10)_ � !H` * u��
({E A

(11)

Thecorrectedpositionof thevertex
`

canthenbecomputed
accordingto: �` E ` * u

Theappliediterationmethodresultsin fact in a Gauss-
Seidel iterator without the needto constructthe iteration
matrix explicitly. Since(7) gives rise to a fix-point iter-
ation to computethe solution of one row of the system,
theapproximationprocedureresultsin two nestediteration
schemes.The outer loop is the Gauss-Seidelschemeand
the inneroneis theapproximative solutionof a non-linear
equation. This contribution is computedusinga fix-point
iterationscheme.

This fix-point iterationshouldberepeatedseveral times
within every step of the Gauss-Seideliteration. But in
our case,we decidedto just perform one single iteration
stepsincethe boundaryconditionsalsochangeduring the
Gauss-Seideliteration,thatencapsulatesthis fix-point iter-
ation.

Duringeachiterationthepositionsof all verticesarecor-
rectedexactlyonce,usingthecomputedcorrectionvector.

2.1. Preventing self-intersections

Thedefinitionof theUmbrellafunctionalguaranteesfor
a stabletriangulationof thesurface,if thegeometryof the
meshandof the surfaceto be extractedarealreadyquite
similar. Theonly componentthatmightcausetroubleis the
impactof the potentialfunction. As the additionalimpact
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(a) Shadedself intersecting
surface

(b) Shadednonself intersect-
ing surface

(c) Self intersectingsurface (d) Surfacewithoutself inter-
section

Figure 2. The problem of self inter secting sur -
faces

vectoris notnecessarilyorthogonalto thesurfacethetrian-
gular meshmay be distorted.Thisproblemis illustratedin
Fig. 2(c).

The first experimentsweredoneusingjust the compo-
nentof thepotentialgradient,thatpointsinto thedirection
of theestimatedsurfacenormalat this vertex assuggested
in (Sardajoen[11]). This approachpreventedthe surface
from becomingdistorted,whentheconvergenceof theiter-
ationmethodwasalreadyalmostachieved. But duringthis
conversionprocessaanotherproblemmightoccurasshown
in Fig. 3.

We suggestanapproachwhich first computesthescalar
productof the potentialgradientwith the correctionvec-
tor, thatemergesfrom theUmbrellafunction. If the result
is positive, the directionof this correctionvector is used,
otherwisethe estimatedsurfacenormalwill designatethe
directionof correction. By usingthe Umbrellavector the
anomalyasshown in Fig. 3 is avoided,on the otherhand
usingtheumbrellavectorevenif theresultingscalarproduct
is negative,existinganomalieswouldbecomeevenstronger
andwouldpossiblyleadto self intrusion,in thiscaseanav-

target surface

Figure 3. The problem of using the normal
vector direction during the iteration process

eragednormalvectorof theborderingtrianglesappearedto
bemorestable.A resultingtrianglemeshfor thesameex-
ampleasin Fig. 2(c) is shown in Fig. 2(d). In this image
we have alreadyusedanadaptive triangulator, thatwill be
describedin section3.

3. Hierar chical Approximation

Themultilevel approachfor discretizingpartialdifferen-
tial equationshasespeciallybecomepopular in the finite
elementcommunitythe last few years(seeBank [1]). Be-
sidesthe ability to acceleratenumericalsolution,we also
wantto automatethedecisionaboutthediscretizationgran-
ularity. Theapproachfirst computesthelow frequency con-
tributionof thefinal solutionon thecoarsegrid. Thehigher
frequency contributionsareaddedlateron duringthecom-
putationon thefinergrids.

In this paperwe areusing the main ideasof the multi
level approachfor the generationof thefinal surface. The
first iterationsare doneon a coarsegrid, that is then re-
finedat positionsindicatedby a local errorestimator. The
initial surfaceusedfor the iteration processis generated
using a semi-automaticmodelingtool, which will be de-
scribedbriefly in thenext sub-section.A specialtriangula-
tion methodis usedto avoid T-verticesin thenew generated
grid. Theinitial valueson thefinergrid arecomputedfrom
the coarsergrid usinga subdivision-scheme.The weights
for the finite differenceoperators(seeeqs. 2, 4) arecon-
structedaccordingto thelocalconnectivity.

In orderto implementa local refinementstrategy acrite-
rion for decidingwhereto refinethemeshis required.The
standardapproachusedis to constructan error estimator
eitherbasedon higherorderbasisfunctions(p-method)or
temporarylocal refinement(h-method)(seeVerfürth [20]).
We have decidedto usethe influenceof the inner forces
duringthelast iterationassomekind of local errorestima-
tor to avoid computationaloverhead.We stopiterationand
initiate meshrefinement,if the averagecorrectionduring
the last Gauss-Seideliterationhasbecomevery small. If
thereis a high impactof the inner forces(local distortion)
on a particularvertex during the last iteration, this gener-
ally meansthattherealsois a strongcontourforceimplied
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(a)Shadedsurfaceof uniform
refinement

(b) Shadedsurface of adap-
tive refinement

(c) Uniform refinement (d) Adaptive refinement

Figure 4. Unif orm vs. adaptive mesh refine-
ment

by thepotentialfield, which is approximatelythesamesize
andcompensatestheinnerforce(actio=reactio).This is an
indicationthatfinerdetailis presentin theneighborhoodof
thatvertex. A triangleis markedfor refinement,if theaver-
ageindicatorvalueof its verticesis aboveagiventhreshold.
In Fig. 4 the resultof anadaptively anduniformly refined
surfaceis shown. Therefinementconcentratesin regionsof
highcurvature.

The local meshrefinementis performedusing a red-
greentriangulator, which especiallyavoids theproblemof
T-vertices(seeVerfürth [20]). This triangulationmethod
consistsof two differentrefinementrules. The red refine-
mentrulesubdividesa triangleinto four sub-triangles.This
rule is appliedto triangles,that have beenmarked by the
local errorestimator. Thegreenrefinementrule is applied
to triangles,thatarenext to the triangleswhich areredre-
fined. Thegreenrefinedtrianglesaredividedinto two sub-
trianglesto avoid theT-vertex (seeFig. 5). In orderto con-
trol theaspectratio of thetriangulationgreenrefinedtrian-
glesmustnotberefinedagain.If agreentriangleis marked
for refinement,thegreen-cutis undoneanda completered-
cut is performedinstead.Thisapproachis relatedto theone

red

red

green
green

green

green

Figure 5. Red and Green refinement

describedin Vasilescuet. al. [19].
On the irregularly refined grid, the finite difference

schemehasto beadapted,astheunderlyingparameteriza-
tion canno longerbeassumedto besymmetric(seeeq. 3).
If no specialcareis taken especiallyfor the verticescon-
nectinga redandgreenrefinedtriangle,they would tendto
drift, andwouldseverelydistorttheadjacenttriangles.The
weightsof avertex whichis separatingaredandagreentri-
anglearethereforeadjustedasproposedin Fig. 6(a).These
weightscanbe computedby differentiatingthe interpolat-
ing polynomials,asit is traditionallydonein theconstruc-
tion of divideddifferenceoperators(seeSchwarz[14]).

Also specialconsiderationshave to bemadefor theop-
positecornerof a greenrefinedtriangle,to keepthediffer-
enceschemebalanced.In thiscase,wehavedecidedto give
thisformerT-vertex aweightof zero(seeFig. 6(b)). This is
necessaryto avoid theinfluenceof thefiner resolvedcell to
thecoarseroneandto keepthedifferenceschemebalanced.
In generalnon-symmetricUmbrellamasksbecomeneces-
sary, if the neighboringverticesarenot all from the same
generation.

The decisionwhich maskof weightsto chooseduring
thecalculationcanbeeasilydoneby labelingthevertices.
In the initial meshall verticesarelabeled� . If a triangle
is refinedred,all new verticesarealsolabeled� . If a tri-
angleis refinedgreen,thenewly generatedvertex is labeled�

, theverticesthatareon thesameedgeof this vertex are
labeled� andthevertex, that is on theoppositesiteof the
triangleis labeled� (seeFig. 7).

The resultingweightscanthenbedeterminedusingthe
look up table1. This tableallows to correctlyhandlemost
cases.Fot thesake of efficiency, we ignoresomerarespe-
cial casesof cascadingrefinementlevel boundaries.This
doesnoteffect theresultingmeshsignificantly.

In consequenceof this generalizationof the Umbrella
functionaltheequation(2), which representstheUmbrella
functionalnow becomesthenon-uniformUmbrella

_ !H` (:E ,� � G � � � G � b t .0`
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Figure 6. The diff erentiation weights in the case of the irregular refined cells
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Figure 7. Labelization of the ver tices

where
G �

aretheweightsaccordingto themodifieddiffer-
enceschemes.Equations(4) and(6) changeaccordingly.

The positionof the new verticesareinsertedaccording
to thesubdivisionschemeshown in Fig. 8, which hasbeen
proposedin Dyn etal. [4]. Thisschemetendsto generatea
smoothsurface.Thebutterflysubdivisionstepis appliedas
a prolongationoperator, thatgenerallygeneratesbetterini-
tial valuesthansimplelinearinterpolation.Thefinal vertex

� � � � �� 1 1 1 1� 2 2 2 1�
1 2 0 1� 1 1 0 1

Table 1. Look up table for the interpolation
coefficients

positionis computedby theiterativesolver.

3.1. Generationof the Initial Surface

In order to apply the deformablesurfacealgorithm,an
initial surfacewith a coarsetriangulationhasto bedefined
first. Thissurfacehasto bein theneighborhoodof thefinal
destinationsurface. First the userselectssomeboundary
points using a slicing tool, that is shown in Fig. 9. The
selectedverticesarethanconnectedusingaDelaunaytetra-
hedrization.In orderto modelnon-convex structures,tetra-
hedramaybedeletedby theuserin a postprocessingstep.
Thedeletionof tetrahedrais doneagainby picking into the
slicing view to deleteindividual tetrahedra.The positions
of the tetrahedraareindicatedby color. This techniqueis
relatedto the modelerpresentedin Neuenschwander[10],
exceptthefact,thatNeuenschwanderdeletesthetetrahedra
in the threedimensionalsurfaceview, without the ability
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Figure 8. Butterfly subdivision scheme

to control the correctnessin the slicing view. If the user
is finally satisfiedwith the result, the outersurfaceof the
tetrahedracomplex is usedasaninitial surface.

4. Results

We have applied the deformablesurface algorithm to
medicaland technicaldatasetsas shown in Fig 10. By
modelingdifferent initial meshesdifferentstructuresmay
beextractedfrom thesamedataset. Thethreepartsof the
engineblockareextractedfrom thesamedataset.Thedeci-
sion,whichstructurehasto bevisualizedis doneby editing
the initial surfaceappropriately. Thesurfacetendsto drift
towardstheclosestboundarywith respectto its startingpo-
sition.

We have implementedthis algorithmin C++ usingthe
OpenInventorlibrary asa meansof displayingthe gener-
atedsurfaces.This providesthepossibility to tunethepa-
rametersduring the iterationprocessandthepossibility to
generatean Inventorfile descriptionof the generatedsur-
facethatmaybeusedlateron.

As a performanceresultwe have measured
,8� �

seconds
for an iterationwith

,�5858�8�
trianglesand � � � secondsfor a

surfacewith
���Z, � 5 triangles.Thesetimeshave beenmea-

sureson a 175MHz R10000SGI O2. It is difficult to give
anestimationfor theoverallconstructionof acompletesur-
face,asthecomputationtimeis influencedby therequested
quality. Thefiner thesubdivision is done,themoretime is
required. The overall time alsodependson the quality of
thesurfaceto beapproximated,asdifferentsurfacesrequire
a differentamountof iterations.As a ruleof a thumbit can
said that about

� A
iterationsare appropriatebetweentwo

sub-divisionsteps.In lower resolutionstherearefewerand
in higherresolutionstherearemoreiterationsnecessaryas
finer detailsareaddedto thesurface.Thesegmentationof
thebraintookabouthalf anhourincludinguser-interaction
to adoptthe parametersof the iterative solver during the

computation. Processingthe engineblock took about20
minutes.Therequiredtime is notcomparableto theperfor-
manceof themarchingcubesalgorithmandits variations,
however in generalthesesurfacescannot be extractedby
an iso-surfacealgorithm. This is especiallytrue for the
extractionof the brain surfaceof the MRI scan. An iso-
surfaceextractionalgorithmlike the marchingcubesgen-
eratessurfacesthat indicatea distinctvaluewithin thedata
setanddoesnot representboundaryinformation,which is
usuallyof higherinterestin datasets,thatrepresentcertain
objects.Theintensityvaluesmaydifferalongaboundaryin
thealgorithmpresentedhere,which doesnot influencethe
appearanceasthe iso-surfaceapproachwould. In contrast
to theiso-surfaceapproachour algorithmtendsto generate
smoothsurfaces,whicharetolerantto smalldisturbancesin
theanalyzeddataset.An iso-surfaceextractionalgorithmis
notableto isolatesingleconnectedobjectsasouralgorithm
does.

Thelasttwo imagesshow acomparisonof thegenerated
triangularmeshof the marchingcubesalgorithm and the
energy minimizationapproach.Theiso-valuehasbeenad-
justedto show the headsurfaceof the MRI-scan. For the
deformablesurfaceapproach,the initial surfacehasbeen
wrappedaroundthehead.Our algorithmgeneratesa much
more regular triangulationthan the marchingcubesdoes,
whatmakesthistechniqueespeciallyinterestingfor texture-
mappingandnumericalapplications.In Fig. 10(f) anadap-
tive triangulationof a cube side is shown. This image
clearly shows the stability of the triangulation,especially
at thebordersof redlyandgreenlyrefinedtriangles.

As a rule of thethumbwe figuredout, that thedamping
factor

~
shouldbe about

A � A � . A ��,
. This dampingfactor

influencesthestepsizeduringtheiteration.A smallervalue
reducestheconvergencerate.If thevalueis toohigh theit-
erationschemebehavesunstable,astheLipschitzconstant
of the iterationschemeis no longersmallerthanone. The
factor

�
shouldbearound

A � A � . A ��5
, but thealgorithmdoes

not behave sensitive with respectto changesof theparam-
eters. If the factor

�
is zero, thenthe surfacesimulatesa

purethin plate,thattendsto minimizesurfacecurvature.If�
is one, this approachsimulatesa pure rubberskin, that

tendsto minimizetheareaof thesurface.Any othervalue
simulatesa mixtureof thesetwo aspects.

5. Conclusionsand Future Work

In thispaperwehavepresentedanew indirectvolumevi-
sualizationmethod,thatis basedon thedeformablesurface
approach.We have describedhow to constructanadaptive
multi-level finite differencesolveranddemonstratedtheap-
plicability for medicalandtechnicaldatasets.This visual-
ization methodis a generalapproachsuitablefor a great
varietyof scalardatasets,thatcontainboundaries.
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Figure 9. The user interface of the slicing tool

As futurework weplanto usethegeneratedsurfacesfor
texture mappingandparameterizationpurposes.First ex-
perimentshavealsoshown theeaseof convertingtheInven-
tor descriptionto a VRML description,which might offer
thepossibilityof webbasedapplicationsfor thismethod.
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Figure 10. Applications of the energy minimizing surface algorithm
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