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Abstract

We presenta new dovnsamplingmethodfor structuredvolume
grids,which preseresmuchmoreof the topologyof a scalarfield
thanexistingdownsamplingmethoddy preferablyselectingscalar
valuesof critical points. In particular mary critical pointscanbe
preseredwhicharelostby traditionaldonnsamplingnethods Our
methodis named‘topology-guideddownnsampling”as topology-
preservingdovnsamplingis impossiblein general. However, we
shaw that even an approximatepreseration of topologyis highly
desirableif isosurficesare extractedfrom the dovnsampledvol-
umegrid, e.g.for interactive previewing, becausenary topological
featureof theisosurbcesge.g.thenumberof componentsunnels,
andholes,arepresered. We illustratethe benefitsof our method
with examplesfrom medicalandtechnicalapplicationsof volume
visualization.

CR Categories: E.4[Data]: Codingand Information Theory
1.3.5 [ComputerGraphics]: ComputationalGeometryand Object
Modeling, 1.3.7 [ComputerGraphics]: Three-DimensionaGraph-
icsandRealism.

Keywords: critical points, data compression,dovnsampling,
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1 INTRODUCTION

Interactve visualizationof large volumegridsis still a challenging
taskbecausef the increasingsize of datasetsin medical,techni-
cal, andscientificapplications However, interactve change®f the
point of view, anisovalue,atransferfunction, or a clipping geom-
etry greatlyimprovesthe usabilityandacceptancef visualization
toolsandarethereforeoftenrequiredby users.

One commonapproachto provide a high degreeof interactv-
ity evenfor large volume meshess to visualizea coarse simpli-
fied meshwhile the userinteractswith thevisualizationtool andto
switchbackto thefine meshassoonastheuserstopso interact.For
structuredyridsthesimplificationis usuallydoneby downsampling
in orderto generatea coarsegrid with the structureof the original
grid. Thus,the samevisualizationalgorithmscanbe emplagyed for
bothgrids.

However, traditional donvnsamplingmethodsignore and there-
fore destry the topology of the original scalarfield, in particular
its critical points. Thus,thetopologyof isosurcesextractedfrom
downsampledyridswill usuallydeviate stronglyfrom thetopology
of theoriginalisosurfcesj.e. thenumberof disconnectedompo-
nents tunnels,andholeswill stronglydiffer.
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Unfortunately in mary casesthe topology of an isosuraceis
its mostimportantfeatureasit allows the userto navigatein a
volume, to identify noisein a dataset, or to estimatethe quality
and plausibility of extractedshapesor structures.Therefore,it is
necessaryo usetopology-preservingimplificationtechniquesn
orderto extract isosurficeswith the correcttopology even from
coarsemeshes. However, existing approachesre limited to un-
structuredmeshesand thereforenot suitedto visualizationalgo-
rithmsfor structuredyrids.

Topology-guideddonnsampling,the methodpresentedn this
paperfills this gapby providing a simplealgorithmfor dovnsam-
pling structuredgrids without blindly destrging the topology of
the scalarfield. This is achiered by calculatingcritical pointsand
determininghedatavaluesof thedownsampledyrid from thisclas-
sification.

Therestof this paperis organizedasfollows: Section2 reviews
previous work aboutdonnsamplingand topology preseration in
directandindirect volumevisualization. Our new dowvnsampling
algorithmis presentedn Section3. Applicationsof this method
to medicaland technicalvolume datasetsare discussedn Sec-
tion 4, which comparesour resultswith averagingdownsampling
andclearlydemonstratetheimportanceof (approximatejopology
preseration. Our conclusiongresummarizedn Section5.

2 RELATED WORK

Marny algorithmsfor volumevisualizationhave beenacceleratedy
emplgying dovnsampledyrids, e.g.ray casting4, 9], splatting[8],
andisosurfceextraction[7, 13, 11, 14]. For all thesetechniques
dowvnsamplings anessentiapreprocessingtep.

Downsampling itself can be implementedby subsampling,
i.e. successkly deletingvertices,but is more often achiered by
replacinga group of vertices(for structuredvolumegrids usually
2 x 2 x 2) by onevertex with the averagedatavalueassuggested
for 2D mip mapsby Williams in [15] and for 3D mip mapsby
Levoy andWhitaker in [9]. The generalizatiorof this methodis
to filter a grid beforesamplingit ata lower resolution;for arecent
applicationsee[7].

As mentionedthesedovnsamplingmethodsusuallydestry the
topology of the scalarfield definedon the mesh. Unfortunately
thereis no uniquedefinitionof thetopologyof ascalaffield; related
conceptsarethe contour tree [3], the (hyper) Reeb graph [5], and
thetopology graph [1]. However, thesemethodsareall basedon
the conceptof critical points of a scalarfield. Thereforetopology
preseration of a scalarfield is definedas the preseration of all
critical points; seefor example[2, 6]. Thetheoreticalframavork
for this definitionis provided by Morsetheory see[10].

Topology-preservingnd controlledtopology simplification of
meshesave becomamportanttechniquedor unstructureaneshes
[2, 6]. In orderto utilize thesetechniquesndconceptsn the con-
text of structuredgrids, we presenthe methodof topology-guided
downsamplingn thefollowing section.



3 DOWNSAMPLING WITH APPROXI-
MATE TOPOLOGY PRESERVATION

Astopology-guidedlovnsamplings possiblen two dimensionas
well asin threedimensionswewill illustrateouralgorithmwith the
helpof thetwo-dimensionascalarfield f (x,y) depictedn Figurel,

which is definedby a bilinear interpolationbetweenscalarvalues
attheverticesof atwo-dimensionatartesiargrid. Isolinesareex-

tractedfrom this grid by a decompositionnto triangularcellsand
slicingtheresultanheightfield with ahorizontalplaneasshavn in

Figure2.

Figurel: A two-dimensionascalar(height)field.
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Figure2: Piecaviselinearapproximatiorto anisolinein thescalar
field of Figurel.

In orderto (approximately)presere the topologyof this scalar
field, its critical pointshave to be presered. Thefirst stepis there-
foreto identify critical pointsin two- andthree-dimensionadtruc-
turedgrids.

3.1 Critical Points in Two Dimensions

Critical pointsarelocal maxima,local minima, and saddlepoints.
They indicatepointswhereanisolineorisosurficechangess num-
ber of componentor its genus. It is an importantadwantageof

simplicial meshesj.e. triangularmeshesn two dimensionsand
tetrahedraimeshesn threedimensionsthatall critical pointsareat
vertex positions. Therefore two-dimensionaktructuredgrids are
usuallydecomposedhto simplicial meshesasshavn in Figures2

and 3 for our example. We emphasizehat this decompositioris

only virtual, i.e. it is notstoredin ary datastructuresut performed
on-the-flywheneerit is required.
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Figure3: The critical pointsof thefield of Figurel. Maximaare
marked with dottedcircles(®), minimawith disks(s), andsaddle
pointswith emptycircles(o).

In orderto handleverticesattheboundaryof thegrid, we (virtu-
ally) generatehe missingneighborsoy mirroring neighboringver-
ticesacrosgheboundary(se€[6]). With thisin mindthedecompo-
sitioninto trianglesemplo/edin Figure3 generatesnly two kinds
of vertex neighborhoodsone with four neighborsshavn in Fig-
ure4 andanothemwith eightneighborshavn in Figure5.

Figure 4: The surrounding Figure5: SameasFigure4 for
polyline (thick line) of avertex  avertex with eightneighbors.
(O) with four neighbors.

In analogyto [6] we definethecorrespondingurrounding poly-
line of a vertex asthe boundaryof the adjacentriangles. The sur
roundingpolyline definesanedgegraph,whichwill beusedin or-
derto classifythe surroundedrertex asa regularpoint, local maxi-
mum,local minimum,or saddlepoint.

This classificatioris achieved by markingeachnodeof the edge
graph,i.e. eachvertex neighborof the surroundingpolyline of a
vertex. A neighboris marked with a 1 if its datavalueis greater
thanthevalueatthesurroundedertex, anda 0 otherwise.Thenall
edgedetweeral nodeanda 0 nodearedeletedandthe numberof
remainingconnecteccomponent®f the edgegraphis counted.If
this numberis one,thenthe pointis anextremum;if it is two, then
thepointis regular;otherwisehepointis asaddleoint. Theresults
of this classificatiorfor eachvertex of thegrid of Figurelis shavn
in Figure 3. Notethatthis classificatiorignoresary degeneracies.
This is legitimate aswe are only concernedvith an approximate
preserationof critical points.

3.2 Automatic Look-Up Table Generation

In orderto speedup the classificationof points discussedbove,
precalculatedook-uptablesare emplg/ed. Thisis doneby num-
beringall nodesof the edgegraph. The numberof eachnodecor
respondso abit position,which holdsthemark0 or 1 of thecorre-
spondingnode.Theresultantit patternis interpretedasaninteger
index into a look-uptablewhich containsa classificationcodefor



numberof point classification
bit pattern| components| classification bit
0000 1 localmaximum 1
0001 2 regularpoint 0
0010 2 regularpoint 0
0011 2 regularpoint 0
0100 2 regularpoint 0
0101 3 saddlepoint 1
0110 2 regularpoint 0
0111 2 regularpoint 0
1000 2 regularpoint 0
1001 2 regularpoint 0
1010 3 saddlepoint 1
1011 2 regularpoint 0
1100 2 regularpoint 0
1101 2 regularpoint 0
1110 2 regularpoint 0
1111 1 local minimum 1

Table1: Look-uptablefor the classificationof critical pointsfor
thesurroundingpolyline shavn in Figure4.

eachindex. For example,thebit patternfor alocal maximumwiill
only consisof 0s,i.e.theindex will beO0. Thus,thefirstentryin the
look-uptablewill bethe classificationcodefor a local maximum.
Similarly, the bit patternfor a local minimumwill only consistof
1s,i.e. thelastentryin thelook-uptablewill be the classification
codefor alocal minimum.

A completeaxampleis givenin Tablel for thesurroundingpoly-
line of Figure4. Thefirst columncontainsall possiblebit patterns.
However, thesebit patternsare not storedin the tableasthey are
only binaryrepresentationsf therow'sindex. Thesecondcolumn
containshe numberof connectedcomponentsor eachbit pattern,
which determineghe classificationspecifiedin the third column.
Thesevalueshave to be calculatedn a preprocessingtepasde-
scribedabove by settingup the edgegraphfor eachbit pattern,
deletingedgesetweerdifferentlymarkednodes andcountingthe
numberof connectedomponents.

We note that local maximaand minima are easily identified;
therefore,only one bit perrow is neededn orderto distinguish
betweerregularandsaddlepoints. This classificatiorbit is speci-
fied in thefourth columnof Tablel. Only theseclassificatiorbits
are stored; thus, the minimal table size of this exampleis only
2*/8 = 2 bytes The size of the correspondindook-up table for
thesurroundingpolyline of Figure6 is 28/8 = 32bytes.

3.3 Critical Points in Three Dimensions

Thefirst problemin threedimensionss to find a suitabletetrahe-
dralizationof a structurednexahedralgrid. In [3] Carret al. dis-
cussvariousdecompositiorschemedor three-dimensionadtruc-
tured grids and choosea subdvision of eachhexahedralcell into
face-centeredquarepyramidsalthoughthis requireshatnew data
pointsareinterpolated.We decidedto avoid nen datapointsand
thereforesubdvide eachhexahedronnto five tetrahedraAs noted
in [3], this decompositioris not symmetricalasit generateswo
kindsof vertex neighborhoodsAlso notethatthe decompositioris
only virtual, i.e.it is performedon-the-fly

In analogyto the two-dimensionalcasewe define the corre-
spondingsurrounding polyhedron of a vertex astheboundaryof the
adjacentetrahedra(See[6]; of coursethis nameis amisnomeras
this boundaryis not a polyhedronbut a triangulatedsurface.) For
the decompositiorof hexahedralkellsinto five tetrahedrahis gen-
eratestwo polyhedra:an octahedroranda triangulatedcubeocta-
hedron;seeFigures6 and 7. However, the approximatie nature

of ouralgorithmallows usto relaxthe needfor a correctsimplicial
decompositionThus,we usethe samesurroundingpolyhedrorfor
all vertices. As the triangulatedcubeoctahedrogeneratedetter
resultsin our experimentsye emplagyedit for all examplesin Sec-
tion 4.

Figure 6: The surrounding
polyhedronof a vertex with six ~ polyhedron of a vertex with
neighborswhich is an octahe- 18 neighborsis a triangulated
dron. cubeoctahedron.

Figure 7: The surrounding

The classificationof verticesas regular points, local maxima,
localminima,andsaddlepointsis donethe sameway asin thetwo-
dimensionatase.The edgegraphscorrespondingo the surround-
ing polyhedraaredepictedn Figures8 and9, respectiely. Nodes
with adatavaluegreatethanthedatavalueatthesurroundedertex
areagainmarked with a 1, otherwisewith a 0. All marksarecol-
lectedin abit pattern,whichis usedto index a precomputedook-
up tablecontainingthe classificatiorbit for the vertex asdiscussed
abwve. Thetablesizeis 218/8 = 32768bytesfor the triangulated
cubeoctahedroand2®/8 = 8 bytesfor the octahedron.
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Figure8: Theedgegraphof an
octahedror{seeFigure6).

Figure9: Theedgegraphof the
triangulatedcubeoctahedronf
Figure?.

3.4 Preservation of Critical Points

Oneof theresultsof Morsetheoryis, thatwe have to presere all
critical pointsof a scalarfield, in orderto presere the topologyof
all its isosurbces.However, it is not necessaryo presere the ex-
actgeometrigoositionof thecritical points. Nonethelesghescalar
valuesatall critical pointshave to be preseredexactly. Otherwise,
thetopologyof isosurficesfor isovaluesin theintenal betweerthe
old andthe new scalarvalueat a critical pointis changed.For ex-
ample,if alocal maximumis presered but its scalarvalueVmax is
decreasetb Vi, < Vmax, all isosurficesfor isovaluesin theinter-
val [Vinax Vmax] Will bemodifiedtopologically Thisis whatusually
happendo local extremawith thetraditionalcombinationof filter-
ing anddownsampling.

An exampleis givenin Figuresl, 2, 10,11,and12. The scalar
field of Figurel is downsampledby averagingthe scalarvalues,



i.e. heights,over groupsof four (or less)verticesas indicatedin
Figure10 (for now ignorethe marksof the critical vertices).Each
groupof verticescorrespondso onenew vertex of the dovnsam-
pledgrid depictedn Figurell. Becausef theaveragingheheight
of both maximais decreasedh the new field. Therefore theiso-
linesfor the sameisovaluearetopologicallydifferentfor the orig-
inal field andits dowvnsampledversionasshavn in Figures2 and
12, respectiely.

Figure 10: The partitioningof the grid of Figure1 emplgyed for
downsampling Critical pointsaremarkedasin Figure3.

Figurell: Thescalarfield obtainedby averagingdovnsamplingof
thegrid of Figurel.

Figure12: Piecaviselinearapproximatiorto anisolinein thefield
of Figurel1for the samesovalueasin Figure2.

Ourgoalis to avoid thesechangesvheneer possibletherefore,
we have to avoid linear filtering. Thus, our dovnsamplingprin-
ciple is to selectandtherebypresere the scalarvaluesof critical
points. Althoughthis selectiondoesnot guarante¢he preseration

of critical points,the preseration of the selectedscalarvaluesis a
necessargonditionfor thepreseration of critical points.
Theselectionis illustratedin Figure10, whereall critical points
aremarked. Accidentally eachgroupof verticescontainsexactly
one critical point. The scalarvalue of eachcritical point is then
usedfor dowvnsamplinginsteadof the averageheightof the group
of vertices.Theresultandovnsampledyrid is shavn in Figure13.
Figurel14 provesthatthe topologyof theisoline of Figure2 is pre-
sened with this dovnsamplingtechnique. The following section
describe®ur methodin moredetailfor three-dimensionarids.

Figurel3: SameasFigurell for topology-guidedlovnsampling.

Figure14: SameasFigurel2 for thefield of Figure13.

3.5 Downsampling Algorithm

Our downsamplingmethodreducesthe numberof verticesof a
three-dimensionatructuredgrid with even dimensionsy a fac-
tor of eight by replacinggroupsof 2 x 2 x 2 = 8 verticesby one
vertex. For eachdisjointgroupof 8 verticesthefollowing stepsare
performedn orderto determinghescalarvalueof the new vertex.
(If notgivenimplicitly, thepositionof thenew vertex is determined
by the averagepositionof the 8 vertices.)

1. Foreachvertex of the group,computewhetherit is a regular
point, a saddlepoint, or an extremum. Also, computethe
averagescalarvalueof thesevertices.

2. If thereis no critical point, the averagescalarvalueis there-
sult.

3. If thereis only onecritical point, its scalarvalueis theresult.



4. If therearemultiple saddlepointsbut no extremum thescalar
valueof the saddlepoint with the largestabsolutedistanceto
theaveragescalarvalueis theresult.

5. If thereare (multiple) saddlepointsbut only one extremum,
thescalarvalueof the extremumis theresult.

6. Otherwise the scalarvalue of the extremumwith the largest
absolutedistanceo the averagescalarvalueis theresult.

Stepsl. to 3. are motivated by the considerationslescribed
abore. Steps4. to 6. reflectour interestin the most“important”
critical points,assaddlepointsarelikely to dependn neighboring
extrema, and distantcritical pointsarelikely to have moreinflu-
enceon the topologyof isosurhicesthancritical pointscloseto the
averagescalarvalue.

This downsamplingprocedurecanbe appliedrepeatedly—each
time reducingthe numberof verticesby a factor of 8. However,
in comparisorto averagingdovnsamplingmethodsmuchmoreof
the topologicalinformationis presered by our algorithm as we
will demonstratevith thehelpof severalexamplesn thefollowing
section.

4 EXAMPLES AND RESULTS

4.1 Blood Vessels

Our first exampleis a CTA volumedatasetshaving bloodvessels
aroundananeurysmlt is well suitedto demonstrateur algorithm
asit containsnoiseandstructuresof very differentsizes. Theres-
olution of this datasetis 128x 128x 60 voxelsand8 databits per
voxel. In orderto visualizeit, we will extractthe isosurfce for

a fixed isovalue with a simple marchingtetrahedraalgorithm af-

terdecomposinghe equidistangrid into tetrahedrasexplainedin

Section3. Figure 15 shavs the resultantisosuraceof the original

dataset. All isosurbicesarerenderedusingflat shadingwith sur

facenormalscalculateddirectly from eachtrianglein orderto em-

phasizethe underlyinggrid structureeven for very fine grids (see
Figurelb).

We will comparethe dovnsamplingresultsof our algorithmto
a simpleaveragingdownsamplingwhich replacesightverticesby
onevertex with the averagedatavalueasemplg/edin [15, 9, 4].
More generaffiltering anddovnsamplingmethodsg.g. [7], sufer
essentiallyfrom the sameproblemsfor a comparabledovnsam-
pling rate.

Figure 16 shavs the isosuraceto the sameisovalue asin Fig-
ure 15 but extractedfrom a dovnsampledvolume of dimensions
64 x 64 x 30 usingtraditional averagingdonnsampling. In con-
trast, Figure 17 depictsthe resultfor the samesettingsbut using
topology-guidecddovnsamplingasdescribedn Section3 with the
cubeoctahedrobeingthe surroundingpolyhedronof all vertices.
Thecompressiomateis 81 = 125%in bothcasesNotethatnone
of thetwo dowvnsamplingnethodslepend®naparticularisovalue,
i.e.theusermaychoosenisovalueafterthedowvnsamplingwhich
is only apreprocessingtep.

Olviously, the noise manifestingitself in small disconnected
partsof the original isosurficein Figure 15 is presered with our
downsamplingmethodin Figure 17 but is almostcompletelylost
with averagingdovnsamplingn Figure16. We emphasize¢hatthe
preseration of thesenoisy featuresin a preview of anisosurfice
is crucialin orderto allow the userto estimatethe effectsof noise
on the final isosurfce. If, on the other hand, noisereductionis
neededwe canstill applyfiltering onthedowvnsampledyrid before
theisosurficeis extracted.

Severalthin tubesvisible in Figure 15 becomedisconnectedn
Figuresl6and17. However, our methodpreseresatleastpartsof

Figure 15: An isosurficeextractedfrom an 128x 128x 60 CTA
volumedataset.

Figure 16: The isosurfce of
Figurel5 extractedfrom a64 x
64 x 30 grid obtainedby aver-
agingdovnsampling.

Figure 17: Same as Fig-
ure 16 but using topology-
guideddonvnsampling.

the tubeswhile averagingdownsamplingresultsin larger gaps,or
eventhe completevanishingof partsof vesselsg.g. at the top of
Figurel6.

Figures18 and 19 depictthe next dovnsamplingstepof aver-
agingdownsamplingandtopology-guideddovnsampling respec-
tively. Thevolumes'dimensionsre32x 32x 15andthegrid struc-
turebecome®bvious, in particularin Figure19. The compression
rateof thesevolumesis already8—2  1.6%.

With averagingdovnsamplingin Figure 18 no noisewas pre-
sened. In fact,whatappeardo be noisearethe remainingpartsof
almostvanishedblood vessels.Severalimportantconnectione-
tweenblood vesseldave beenlostin Figurel8, suchthatit is im-
possibleto recognizethe original vesselsystem.Topology-guided
downsamplingn Figure19 preseredall bloodvesselsatleastpar
tially, althoughgapsbecamdarger Furthermoreeventhe noiseof
Figurel5waspreseredtopologically

For the sale of completenessve presentthe next dovnsam-
pling stepin Figures20 and 21, which compresseshe volumes
to 83  0.20% of their original sizes. Only the largeststruc-



Figure 18: Sameas Figure 16
for thenext stepwith averaging
dowvnsampling.

Figure 19: Same as Fig-
ure 18 but using topology-
guideddownsampling.

tures have survived averagingdowvnsamplingwhile the result of
topology-guidediovnsamplingndicateshepresencef arichiso-
surfacestructure.

Figure 20: Sameas Figure 18
for the grid downsampledto
16 x 16 x 8 verticeswith aver
agingdovnsampling.

Figure 21: Same as Fig-
ure 20 but using topology-
guideddownsampling.

4.2 Engine Block

Our secondvolumedatasetdescribesnengineblock. This exam-
ple differsin several respectconsiderablyfrom the first: Instead
of a continuumof intensitiesthereareonly threematerialsj.e. air
andtwo kinds of alloys with rathersharpmaterialborders. Addi-
tionally, thereareno fine structuresn this example. Nonetheless,
topology-guidedlovnsamplingurnsoutto bevery useful.

Figure 22: Isosurfce for the

isovalue 120 from the origi-

nal volume grid of dimensions
256x 256x 110.

Figure 23: Sameas Figure 22
for theisovalue 165.

Thedatasetis easilyunderstoodvith theisosuricesfor thetwo

isovalues120 and 165 shawn in Figures22 and 23, respeciiely.
Figure 23 containsthe partsout of the materialwith the greater
datavalue;Figure22 alsoshaws the partsout of the othermaterial,
i.e.thewholeengineblock.

How canwe determinethesematerial valuesfor an unknavn
dataset?One“indirect” way is to calculatea histogramof dataval-
ueswhichis very likely to shaw this information. Anothe—more
“direct” way—isto try differentisovaluesandinfer from theresul-
tantisosurfices,honv mary materialsoccurandwhich datavalues
correspondo them. In orderto do so, it is, of coursecorvenient
to have a tool which allows the userto interactively view isosur
facesfor differentisovalues. As mentionedpneway of achieving
interactvity is to employ dovnsampledyrids. However, averaging
dowvnsamplingtechniquesare often inappropriatefor this task as
wewill shaw in Figures24to 26.

Figure 24: Isosurkce for the
isovalue 156 extractedfrom a
grid of dimensions64 x 64 x
28obtainedby averagingdown-
sampling.

Figure 25: Same as Fig-
ure 24 but using topology
guideddonvnsampling.

Figure26: Isosurficefor theisovalue 156 extractedfrom the origi-
nal256x 256x 110grid.

Letusassume useris trying to find theisovalueneededo gen-
erateFigure23. We know thatthe correctisovalueis 165 but our
useris still guessin@ndtries156. If theuserstool is usingaverag-
ing dovnsamplingtheisosurficemightlook like Figure24. Onthe
otherhand,if it is usingtopology-guidedlonnsamplingtheresult
will look like Figure25.

Themessagesf thesefiguresareperfectlycontradictoryWhile
Figure24 suggestshat156is thecorrectisovalue,Figure25claims
that 156 is still too small. We can decidethe problemby look-
ing at the isosurficeextractedfrom the original grid in Figure 26,
which proves that averagingdovnsamplinghas produceda mis-
leadingisosuricewhile topology-guideddovnsamplinghaswell



presered small, disconnecteghartsof a quite complicatedsosur

face.If theuserincreasesheisovalueto 165, both downsampling
methoddeadto rathersimilar isosurbicesbecausef the well de-
finedmaterialsseeFigures27 and28.

Figure 27: Sameas Figure 24
for theisovalue165.

Figure 28: Sameas Figure 25
for theisovalue 165.

In summaryevenfor volumedatasetswith only afew materials,
topology-guidedlovnsamplings usefulascomplicatedstructures
canariseat the borderlinebetweerdatavaluesof differentmateri-
als.

4.3 Bonsai

Figure 30: Detailed view of

the lower left branch of Fig-

ure 29. The grid’'s dimensions
Figure 29: An isosurhce ex- are256x 256x 128.
tractedromaCT scanof abon-

sal.

Our third andlastexampleis a CT scanof a bonsaiwhich fea-
turesasharpbut very comple borderbetweerair andtheplantwith
mary fine details. Figure 29 depictsthe whole isosurace, while
Figure 30 presentsa detailedview of the lower, left branch. Fig-
ure 30 provesthatthegrid’s resolutionof 256 x 256 x 128 vertices
is highenoughto reconstrucsingleleaves.

Figure31: SameasFigure30 Figure 32: Same as Fig-
but for a grid of dimensions ure 31 but using topology-
128x 128 x 64 obtainedwith  guideddowvnsampling.
averagingdovnsampling.

Figure33: SameasFigure31 Figure 34: Same as Fig-
but for a grid of dimensions ure 33 but using topology-
64x 64x 32. guideddonvnsampling.

Figure 35: SameasFigure33 Figure 36: Same as Fig-
but for a grid of dimensions ure 35 but using topology-
32x 32x 16. guideddonvnsampling.

Thisway of representin@treeis relatedto shapemodelingtech-
niguesbasedon voxelizedscenegsee[7]). Again, we will shaw
thattopology-guideddovnsamplingpreseres more detailsof the
shapéefor higherdovnsamplingrates whichiis crucialfor this kind
of applications.

Figures31and32 shaw thefirst dovnsamplingstepwith averag-
ing andtopology-guideddonvnsamplingrespectrely. The second
stepis shavn in Figures33 and34, andthethird in Figures35and
36. While averagingdovnsamplingmissesonly a few leavesaf-
ter the first downsamplingstepin Figure31, almostall leavesare
lost in the secondstepin Figure 33, and the whole branchis no
longerrecognizableafter three stepsin Figure 35. On the other
handtopology-guideddovnsamplingpreseres all leaves at least
partially in Figure32 andpreseresa coarserepresentationf the
original shapeof thebranchevenaftertwo andthreedonnsampling
stepsin Figures34 and36. The sames true of thewhole shapeaf-

Figure37: SameasFigure29 Figure 38: Same as Fig-
but for a grid of dimensions ure 37 but using topology-
32x 32x 16 obtainedwith av-  guideddownsampling.
eragingdovnsampling.



terthreedownsamplingstepsn Figure38, while theresultobtained
with averagingdovnsamplingn Figure37 is ratherdisappointing.
(Theisosurfcein Figure38 wasclippedat the bordersof thevol-
ume;thisresultedn two darkholes.)

This example suggestghat topology-guideddovnsamplingis
notonly usefulfor scientificvolumevisualizationbut alsofor shape
modelingbasedn volumegraphicsjn particularif modelshave to
berepresentewith differentlevelsof detail.

5 CONCLUSIONS AND FUTURE WORK

We presente@nen dovnsamplingnethod calledtopology-guided
dowvnsampling,which preseres much more of the topology of a
scalarvolume field than averagingdowvnsamplingmethods. As
a consequencasosuracesextractedfrom the dovnsampledyrids
will betopologicallymuchmoresimilar to the originalisosurfices
thanwith previously publisheddovnsamplingmethods.

Visualizationapplicationghat are alreadyusingvolume down-
samplingbefore extracting an isosurfice, e.g. [14], could imme-
diately benefitfrom topology-guideddovnsamplingsimply by re-
placingthe dovnsamplingmethod. Otherapplicationghat extract
isosurficesfrom equidistanigrids, e.g.[12], could easilyintegrate
our dovnsamplingmethodin orderto shav coarseapproximations
of isosurhicesfor previewing or in orderto accelerateenderingof
very large datasetswhile the useris interactingwith the applica-
tion. As we have discussedn Section4, shapemodellingapplica-
tionscanalsobenefitfrom topology-guidedionnsampling.

We did not discussour algorithmin the contet of directvol-
umevisualizationwhichis aninterestingtopicin itself andshould
be investigatedn the future. Also, we restrictedoursehesto iso-
surfaces,i.e. contoursin three-dimensionssincewe believe that
applicationgn lower dimensionsarelesslikely, asisosuracesare
muchmorefrequentlyusedthanisolines.However, we alsobelieve
thattopology-guideddovnsamplingcould be successfullyapplied
to higherdimensionaproblems.

As topology-guideddonnsamplingis a preprocessingtep,we
did not discussoptimizationsof the algorithmbeyond look-up ta-
blesfor thecritical points. Apartfrom optimizationsof the existing
implementationjt would alsobe interestingto measurehe qual-
ity of the resultsquantitatvely andto optimizethe algorithmwith
respectto suchmeasuresfor exampleby analyzingthe topology
and/orBetti numbersof all isosurficesaftera dovnsamplingstep.
It might alsobe possibleto usetheseresultsto improve the down-
sampledgrid atrun-time.
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Figure39: Comparisorof the original isosurceextractedfrom a 128x 128x 60 grid (left, Figure 15), sameisosurfceaftertwo averaging
downsamplingstepscenter Figure18), andaftertwo topology-guidedlonnsamplingstepgright, Figure19).

Figure40: Comparisorof theoriginalisosurficeextractedfrom a256x 256x 110grid (left, Figure26), sameisosuraceaftertwo averaging
downsamplingstepscenter Figure24), andaftertwo topology-guidedlonnsamplingstepsright, Figure25).

Figure41: Comparisorof theoriginalisosurbceextractedrom a256x 256x 128grid (left, Figure29), samdsosurficeafterthreeaveraging
downsamplingstepqcenter Figure37), andafterthreetopology-guidedlovnsamplingsteps(right, Figure38).



