
Topology-Guided Downsampling

Martin KrausandThomasErtl

VisualizationandInteractiveSystemsGroup
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Abstract

We presenta new downsamplingmethodfor structuredvolume
grids,which preservesmuchmoreof thetopologyof a scalarfield
thanexistingdownsamplingmethodsby preferablyselectingscalar
valuesof critical points. In particular, many critical pointscanbe
preservedwhicharelostby traditionaldownsamplingmethods.Our
methodis named“topology-guideddownsampling”as topology-
preservingdownsamplingis impossiblein general. However, we
show that even an approximatepreservation of topologyis highly
desirableif isosurfacesareextractedfrom the downsampledvol-
umegrid,e.g.for interactivepreviewing, becausemany topological
featuresof theisosurfaces,e.g.thenumberof components,tunnels,
andholes,arepreserved. We illustratethe benefitsof our method
with examplesfrom medicalandtechnicalapplicationsof volume
visualization.

CR Categories: E.4 [Data]: Codingand InformationTheory,
I.3.5 [ComputerGraphics]: ComputationalGeometryandObject
Modeling, I.3.7 [ComputerGraphics]:Three-DimensionalGraph-
icsandRealism.

Keywords: critical points, data compression,downsampling,
isosurfaces,subsampling,topology, volumevisualization.

1 INTRODUCTION

Interactive visualizationof largevolumegridsis still a challenging
taskbecauseof the increasingsizeof datasetsin medical,techni-
cal,andscientificapplications.However, interactivechangesof the
point of view, an isovalue,a transferfunction,or a clipping geom-
etry greatlyimprovestheusabilityandacceptanceof visualization
toolsandarethereforeoftenrequiredby users.

Onecommonapproachto provide a high degreeof interactiv-
ity even for large volumemeshesis to visualizea coarse,simpli-
fiedmeshwhile theuserinteractswith thevisualizationtool andto
switchbackto thefinemeshassoonastheuserstopsto interact.For
structuredgridsthesimplificationis usuallydoneby downsampling
in orderto generatea coarsegrid with thestructureof theoriginal
grid. Thus,thesamevisualizationalgorithmscanbeemployedfor
bothgrids.

However, traditionaldownsamplingmethodsignoreandthere-
fore destroy the topologyof the original scalarfield, in particular
its critical points.Thus,thetopologyof isosurfacesextractedfrom
downsampledgridswill usuallydeviatestronglyfrom thetopology
of theoriginal isosurfaces,i.e. thenumberof disconnectedcompo-
nents,tunnels,andholeswill stronglydiffer.
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Unfortunately, in many casesthe topology of an isosurfaceis
its most important featureas it allows the user to navigate in a
volume, to identify noisein a dataset, or to estimatethe quality
andplausibility of extractedshapesor structures.Therefore,it is
necessaryto usetopology-preservingsimplificationtechniquesin
order to extract isosurfaceswith the correct topology even from
coarsemeshes.However, existing approachesare limited to un-
structuredmeshesand thereforenot suitedto visualizationalgo-
rithmsfor structuredgrids.

Topology-guideddownsampling,the methodpresentedin this
paper, fills this gapby providing a simplealgorithmfor downsam-
pling structuredgrids without blindly destroying the topology of
thescalarfield. This is achieved by calculatingcritical pointsand
determiningthedatavaluesof thedownsampledgrid from thisclas-
sification.

Therestof this paperis organizedasfollows: Section2 reviews
previous work aboutdownsamplingand topologypreservation in
direct andindirect volumevisualization. Our new downsampling
algorithmis presentedin Section3. Applicationsof this method
to medicaland technicalvolume datasetsare discussedin Sec-
tion 4, which comparesour resultswith averagingdownsampling
andclearlydemonstratestheimportanceof (approximate)topology
preservation.Ourconclusionsaresummarizedin Section5.

2 RELATED WORK

Many algorithmsfor volumevisualizationhavebeenacceleratedby
employing downsampledgrids,e.g.raycasting[4, 9], splatting[8],
andisosurfaceextraction[7, 13, 11, 14]. For all thesetechniques
downsamplingis anessentialpreprocessingstep.

Downsampling itself can be implementedby subsampling,
i.e. successively deletingvertices,but is more often achieved by
replacinga groupof vertices(for structuredvolumegrids usually
2 � 2 � 2) by onevertex with theaveragedatavalueassuggested
for 2D mip mapsby Williams in [15] and for 3D mip mapsby
Levoy andWhitaker in [9]. The generalizationof this methodis
to filter a grid beforesamplingit at a lower resolution;for a recent
applicationsee[7].

As mentioned,thesedownsamplingmethodsusuallydestroy the
topology of the scalarfield definedon the mesh. Unfortunately,
thereis nouniquedefinitionof thetopologyof ascalarfield; related
conceptsarethecontour tree [3], the (hyper) Reeb graph [5], and
the topology graph [1]. However, thesemethodsareall basedon
theconceptof critical points of a scalarfield. Therefore,topology
preservation of a scalarfield is definedas the preservation of all
critical points; seefor example[2, 6]. The theoreticalframework
for thisdefinitionis providedby Morsetheory, see[10].

Topology-preservingand controlledtopology simplification of
mesheshavebecomeimportanttechniquesfor unstructuredmeshes
[2, 6]. In orderto utilize thesetechniquesandconceptsin thecon-
text of structuredgrids,we presentthemethodof topology-guided
downsamplingin thefollowing section.



3 DOWNSAMPLING WITH APPROXI-
MATE TOPOLOGY PRESERVATION

As topology-guideddownsamplingispossiblein twodimensionsas
well asin threedimensions,wewill illustrateouralgorithmwith the
helpof thetwo-dimensionalscalarfield f � x � y � depictedin Figure1,
which is definedby a bilinear interpolationbetweenscalarvalues
at theverticesof a two-dimensionalcartesiangrid. Isolinesareex-
tractedfrom this grid by a decompositioninto triangularcellsand
slicingtheresultantheightfield with ahorizontalplaneasshown in
Figure2.
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Figure1: A two-dimensionalscalar(height)field.

Figure2: Piecewiselinearapproximationto anisolinein thescalar
field of Figure1.

In orderto (approximately)preserve the topologyof this scalar
field, its critical pointshave to bepreserved. Thefirst stepis there-
fore to identify critical pointsin two- andthree-dimensionalstruc-
turedgrids.

3.1 Critical Points in Two Dimensions

Critical pointsarelocal maxima,local minima,andsaddlepoints.
They indicatepointswhereanisolineor isosurfacechangesitsnum-
ber of componentsor its genus. It is an importantadvantageof
simplicial meshes,i.e. triangularmeshesin two dimensionsand
tetrahedralmeshesin threedimensions,thatall critical pointsareat
vertex positions. Therefore,two-dimensionalstructuredgrids are
usuallydecomposedinto simplicial meshesasshown in Figures2
and3 for our example. We emphasizethat this decompositionis
only virtual, i.e. it is notstoredin any datastructuresbut performed
on-the-flywhenever it is required.

Figure3: The critical pointsof thefield of Figure1. Maximaare
marked with dottedcircles( 	 ), minimawith disks( 
 ), andsaddle
pointswith emptycircles( � ).

In orderto handleverticesat theboundaryof thegrid,we(virtu-
ally) generatethemissingneighborsby mirroringneighboringver-
ticesacrosstheboundary(see[6]). With this in mindthedecompo-
sition into trianglesemployedin Figure3 generatesonly two kinds
of vertex neighborhoods:onewith four neighborsshown in Fig-
ure4 andanotherwith eightneighborsshown in Figure5.

Figure 4: The surrounding
polyline (thick line) of a vertex
( � ) with four neighbors.

Figure5: SameasFigure4 for
avertex with eightneighbors.

In analogyto [6] wedefinethecorrespondingsurrounding poly-
line of a vertex astheboundaryof theadjacenttriangles.Thesur-
roundingpolyline definesanedgegraph,whichwill beusedin or-
derto classifythesurroundedvertex asa regularpoint, local maxi-
mum,localminimum,or saddlepoint.

Thisclassificationis achievedby markingeachnodeof theedge
graph,i.e. eachvertex neighborof the surroundingpolyline of a
vertex. A neighboris marked with a 1 if its datavalueis greater
thanthevalueat thesurroundedvertex, anda0 otherwise.Thenall
edgesbetweena1 nodeanda0 nodearedeletedandthenumberof
remainingconnectedcomponentsof theedgegraphis counted.If
thisnumberis one,thenthepoint is anextremum;if it is two, then
thepointis regular;otherwisethepointisasaddlepoint. Theresults
of thisclassificationfor eachvertex of thegrid of Figure1 is shown
in Figure3. Notethat this classificationignoresany degeneracies.
This is legitimateaswe areonly concernedwith an approximate
preservationof critical points.

3.2 Automatic Look-Up Table Generation

In order to speedup the classificationof pointsdiscussedabove,
precalculatedlook-up tablesareemployed. This is doneby num-
beringall nodesof theedgegraph.Thenumberof eachnodecor-
respondsto abit position,whichholdsthemark0 or 1 of thecorre-
spondingnode.Theresultantbit 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 localminimum 1

Table1: Look-up table for the classificationof critical pointsfor
thesurroundingpolylineshown in Figure4.

eachindex. For example,thebit patternfor a local maximumwill
only consistof 0s,i.e.theindex will be0. Thus,thefirst entryin the
look-up tablewill be theclassificationcodefor a local maximum.
Similarly, the bit patternfor a local minimumwill only consistof
1s, i.e. the lastentry in the look-up tablewill be theclassification
codefor a localminimum.

A completeexampleis givenin Table1 for thesurroundingpoly-
line of Figure4. Thefirst columncontainsall possiblebit patterns.
However, thesebit patternsarenot storedin the tableasthey are
only binaryrepresentationsof therow’s index. Thesecondcolumn
containsthenumberof connectedcomponentsfor eachbit pattern,
which determinesthe classificationspecifiedin the third column.
Thesevalueshave to be calculatedin a preprocessingstepasde-
scribedabove by settingup the edgegraphfor eachbit pattern,
deletingedgesbetweendifferentlymarkednodes,andcountingthe
numberof connectedcomponents.

We note that local maxima and minima are easily identified;
therefore,only one bit per row is neededin order to distinguish
betweenregularandsaddlepoints. This classificationbit is speci-
fied in thefourth columnof Table1. Only theseclassificationbits
are stored; thus, the minimal table size of this example is only
24 
 8 � 2 bytes. The sizeof the correspondinglook-up table for
thesurroundingpolylineof Figure6 is 28 
 8 � 32 bytes.

3.3 Critical Points in Three Dimensions

Thefirst problemin threedimensionsis to find a suitabletetrahe-
dralizationof a structuredhexahedralgrid. In [3] Carr et al. dis-
cussvariousdecompositionschemesfor three-dimensionalstruc-
turedgrids andchoosea subdivision of eachhexahedralcell into
face-centeredsquarepyramidsalthoughthis requiresthatnew data
pointsareinterpolated.We decidedto avoid new datapointsand
thereforesubdivide eachhexahedroninto five tetrahedra.As noted
in [3], this decompositionis not symmetricalas it generatestwo
kindsof vertex neighborhoods.Also notethatthedecompositionis
only virtual, i.e. it is performedon-the-fly.

In analogyto the two-dimensionalcasewe define the corre-
spondingsurrounding polyhedron of a vertex astheboundaryof the
adjacenttetrahedra.(See[6]; of course,thisnameis amisnomeras
this boundaryis not a polyhedronbut a triangulatedsurface.) For
thedecompositionof hexahedralcellsinto five tetrahedrathis gen-
eratestwo polyhedra:an octahedronanda triangulatedcubeocta-
hedron;seeFigures6 and7. However, the approximative nature

of ouralgorithmallowsusto relaxtheneedfor acorrectsimplicial
decomposition.Thus,weusethesamesurroundingpolyhedronfor
all vertices. As the triangulatedcubeoctahedrongeneratedbetter
resultsin ourexperiments,weemployedit for all examplesin Sec-
tion 4.

Figure 6: The surrounding
polyhedronof a vertex with six
neighbors,which is an octahe-
dron.

Figure 7: The surrounding
polyhedron of a vertex with
18 neighborsis a triangulated
cubeoctahedron.

The classificationof verticesas regular points, local maxima,
localminima,andsaddlepointsis donethesamewayasin thetwo-
dimensionalcase.Theedgegraphscorrespondingto thesurround-
ing polyhedraaredepictedin Figures8 and9, respectively. Nodes
with adatavaluegreaterthanthedatavalueatthesurroundedvertex
areagainmarked with a 1, otherwisewith a 0. All marksarecol-
lectedin a bit pattern,which is usedto index a precomputedlook-
up tablecontainingtheclassificationbit for thevertex asdiscussed
above. The tablesizeis 218 
 8 � 32768bytesfor the triangulated
cubeoctahedronand26 
 8 � 8 bytesfor theoctahedron.

Figure8: Theedgegraphof an
octahedron(seeFigure6).

Figure9: Theedgegraphof the
triangulatedcubeoctahedronof
Figure7.

3.4 Preservation of Critical Points

Oneof the resultsof Morsetheoryis, thatwe have to preserve all
critical pointsof a scalarfield, in orderto preserve thetopologyof
all its isosurfaces.However, it is not necessaryto preserve theex-
actgeometricpositionof thecritical points.Nonetheless,thescalar
valuesatall critical pointshave to bepreservedexactly. Otherwise,
thetopologyof isosurfacesfor isovaluesin theinterval betweenthe
old andthenew scalarvalueat a critical point is changed.For ex-
ample,if a local maximumis preservedbut its scalarvaluevmax is
decreasedto v �max � vmax, all isosurfacesfor isovaluesin theinter-
val � v �max� vmax� will bemodifiedtopologically. This is whatusually
happensto local extremawith thetraditionalcombinationof filter-
ing anddownsampling.

An exampleis given in Figures1, 2, 10, 11, and12. Thescalar
field of Figure1 is downsampledby averagingthe scalarvalues,



i.e. heights,over groupsof four (or less)verticesas indicatedin
Figure� 10 (for now ignorethemarksof thecritical vertices).Each
groupof verticescorrespondsto onenew vertex of the downsam-
pledgrid depictedin Figure11. Becauseof theaveragingtheheight
of both maximais decreasedin the new field. Therefore,the iso-
lines for thesameisovaluearetopologicallydifferentfor theorig-
inal field andits downsampledversionasshown in Figures2 and
12,respectively.

Figure10: The partitioningof the grid of Figure1 employed for
downsampling.Critical pointsaremarkedasin Figure3.

Figure11: Thescalarfield obtainedby averagingdownsamplingof
thegrid of Figure1.

Figure12: Piecewiselinearapproximationto anisolinein thefield
of Figure11 for thesameisovalueasin Figure2.

Ourgoalis to avoid thesechangeswhenever possible;therefore,
we have to avoid linear filtering. Thus, our downsamplingprin-
ciple is to selectandtherebypreserve the scalarvaluesof critical
points.Althoughthisselectiondoesnot guaranteethepreservation

of critical points,thepreservationof theselectedscalarvaluesis a
necessaryconditionfor thepreservationof critical points.

Theselectionis illustratedin Figure10,whereall critical points
aremarked. Accidentally, eachgroupof verticescontainsexactly
onecritical point. The scalarvalueof eachcritical point is then
usedfor downsamplinginsteadof theaverageheightof thegroup
of vertices.Theresultantdownsampledgrid is shown in Figure13.
Figure14provesthatthetopologyof theisolineof Figure2 is pre-
served with this downsamplingtechnique.The following section
describesour methodin moredetailfor three-dimensionalgrids.

Figure13: SameasFigure11 for topology-guideddownsampling.

Figure14: SameasFigure12 for thefield of Figure13.

3.5 Downsampling Algorithm

Our downsamplingmethodreducesthe numberof verticesof a
three-dimensionalstructuredgrid with even dimensionsby a fac-
tor of eight by replacinggroupsof 2 � 2 � 2 � 8 verticesby one
vertex. For eachdisjointgroupof 8 verticesthefollowing stepsare
performedin orderto determinethescalarvalueof thenew vertex.
(If notgivenimplicitly, thepositionof thenew vertex is determined
by theaveragepositionof the8 vertices.)

1. For eachvertex of thegroup,computewhetherit is a regular
point, a saddlepoint, or an extremum. Also, computethe
averagescalarvalueof thesevertices.

2. If thereis no critical point, theaveragescalarvalueis there-
sult.

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



4. If therearemultiplesaddlepointsbut noextremum,thescalar
valueof thesaddlepoint with thelargestabsolutedistanceto
theaveragescalarvalueis theresult.

5. If thereare(multiple) saddlepointsbut only oneextremum,
thescalarvalueof theextremumis theresult.

6. Otherwise,thescalarvalueof theextremumwith the largest
absolutedistanceto theaveragescalarvalueis theresult.

Steps1. to 3. are motivated by the considerationsdescribed
above. Steps4. to 6. reflectour interestin the most “important”
critical points,assaddlepointsarelikely to dependonneighboring
extrema,anddistantcritical pointsare likely to have more influ-
enceon thetopologyof isosurfacesthancritical pointscloseto the
averagescalarvalue.

This downsamplingprocedurecanbeappliedrepeatedly—each
time reducingthe numberof verticesby a factorof 8. However,
in comparisonto averagingdownsamplingmethods,muchmoreof
the topological information is preserved by our algorithm as we
will demonstratewith thehelpof severalexamplesin thefollowing
section.

4 EXAMPLES AND RESULTS

4.1 Blood Vessels

Our first exampleis a CTA volumedatasetshowing bloodvessels
aroundananeurysm.It is well suitedto demonstrateour algorithm
asit containsnoiseandstructuresof very differentsizes.Theres-
olution of thisdatasetis 128 � 128 � 60 voxelsand8 databits per
voxel. In order to visualizeit, we will extract the isosurfacefor
a fixed isovalue with a simple marchingtetrahedraalgorithmaf-
terdecomposingtheequidistantgrid into tetrahedraasexplainedin
Section3. Figure15 shows theresultantisosurfaceof theoriginal
dataset. All isosurfacesarerenderedusingflat shadingwith sur-
facenormalscalculateddirectly from eachtrianglein orderto em-
phasizethe underlyinggrid structureeven for very fine grids (see
Figure15).

We will comparethedownsamplingresultsof our algorithmto
a simpleaveragingdownsamplingwhich replaceseightverticesby
onevertex with the averagedatavalueasemployed in [15, 9, 4].
More generalfiltering anddownsamplingmethods,e.g. [7], suffer
essentiallyfrom the sameproblemsfor a comparabledownsam-
pling rate.

Figure16 shows the isosurfaceto the sameisovalueas in Fig-
ure 15 but extractedfrom a downsampledvolumeof dimensions
64 � 64 � 30 using traditionalaveragingdownsampling. In con-
trast,Figure17 depictsthe result for the samesettingsbut using
topology-guideddownsamplingasdescribedin Section3 with the
cubeoctahedronbeingthe surroundingpolyhedronof all vertices.
Thecompressionrateis 8� 1 � 12� 5%in bothcases.Notethatnone
of thetwo downsamplingmethodsdependsonaparticularisovalue,
i.e. theusermaychooseanisovalueafterthedownsampling,which
is only apreprocessingstep.

Obviously, the noise manifestingitself in small disconnected
partsof the original isosurfacein Figure15 is preserved with our
downsamplingmethodin Figure17 but is almostcompletelylost
with averagingdownsamplingin Figure16. Weemphasizethatthe
preservation of thesenoisy featuresin a preview of an isosurface
is crucial in orderto allow theuserto estimatetheeffectsof noise
on the final isosurface. If, on the other hand,noisereductionis
needed,wecanstill applyfiltering on thedownsampledgrid before
theisosurfaceis extracted.

Several thin tubesvisible in Figure15 becomedisconnectedin
Figures16 and17. However, our methodpreservesat leastpartsof

Figure15: An isosurfaceextractedfrom an 128 � 128 � 60 CTA
volumedataset.

Figure 16: The isosurface of
Figure15extractedfrom a64 �
64 � 30 grid obtainedby aver-
agingdownsampling.

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

the tubeswhile averagingdownsamplingresultsin largergaps,or
even the completevanishingof partsof vessels,e.g.at the top of
Figure16.

Figures18 and19 depict the next downsamplingstepof aver-
agingdownsamplingandtopology-guideddownsampling,respec-
tively. Thevolumes’dimensionsare32 � 32 � 15andthegridstruc-
turebecomesobvious,in particularin Figure19. Thecompression
rateof thesevolumesis already8� 2 � 1 � 6%.

With averagingdownsamplingin Figure18 no noisewas pre-
served. In fact,whatappearsto benoisearetheremainingpartsof
almostvanishedbloodvessels.Several importantconnectionsbe-
tweenbloodvesselshave beenlost in Figure18,suchthatit is im-
possibleto recognizetheoriginal vesselsystem.Topology-guided
downsamplingin Figure19preservedall bloodvesselsat leastpar-
tially, althoughgapsbecamelarger. Furthermore,eventhenoiseof
Figure15 waspreservedtopologically.

For the sake of completenesswe presentthe next downsam-
pling stepin Figures20 and 21, which compressesthe volumes
to 8� 3 � 0 � 20% of their original sizes. Only the largest struc-



Figure18: Sameas Figure16
for thenext stepwith averaging
downsampling.

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

tureshave survived averagingdownsamplingwhile the result of
topology-guideddownsamplingindicatesthepresenceof arich iso-
surfacestructure.

Figure20: Sameas Figure18
for the grid downsampledto
16 � 16 � 8 verticeswith aver-
agingdownsampling.

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

4.2 Engine Block

Oursecondvolumedatasetdescribesanengineblock. Thisexam-
ple differs in several respectsconsiderablyfrom the first: Instead
of a continuumof intensities,thereareonly threematerials,i.e. air
andtwo kindsof alloys with rathersharpmaterialborders.Addi-
tionally, thereareno fine structuresin this example. Nonetheless,
topology-guideddownsamplingturnsout to beveryuseful.

Figure 22: Isosurface for the
isovalue 120 from the origi-
nal volumegrid of dimensions
256 � 256 � 110.

Figure 23: Sameas Figure 22
for theisovalue165.

Thedatasetis easilyunderstoodwith theisosurfacesfor thetwo

isovalues120 and165 shown in Figures22 and23, respectively.
Figure 23 containsthe partsout of the materialwith the greater
datavalue;Figure22alsoshows thepartsoutof theothermaterial,
i.e. thewholeengineblock.

How can we determinethesematerialvaluesfor an unknown
dataset?One“indirect” way is to calculateahistogramof dataval-
ueswhich is very likely to show this information.Another—more
“direct” way—isto try differentisovaluesandinfer from theresul-
tant isosurfaces,how many materialsoccurandwhich datavalues
correspondto them. In orderto do so, it is, of course,convenient
to have a tool which allows the userto interactively view isosur-
facesfor differentisovalues.As mentioned,oneway of achieving
interactivity is to employ downsampledgrids. However, averaging
downsamplingtechniquesare often inappropriatefor this task as
wewill show in Figures24 to 26.

Figure 24: Isosurface for the
isovalue 156 extractedfrom a
grid of dimensions64 � 64 �
28obtainedbyaveragingdown-
sampling.

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

Figure26: Isosurfacefor theisovalue156extractedfrom theorigi-
nal256 � 256 � 110grid.

Let usassumeauseris trying to find theisovalueneededto gen-
erateFigure23. We know that the correctisovalueis 165but our
useris still guessingandtries156.If theuser’s tool is usingaverag-
ing downsampling,theisosurfacemightlook likeFigure24. Onthe
otherhand,if it is usingtopology-guideddownsampling,theresult
will look likeFigure25.

Themessagesof thesefiguresareperfectlycontradictory:While
Figure24suggeststhat156is thecorrectisovalue,Figure25claims
that 156 is still too small. We can decidethe problemby look-
ing at the isosurfaceextractedfrom theoriginal grid in Figure26,
which proves that averagingdownsamplinghasproduceda mis-
leadingisosurfacewhile topology-guideddownsamplinghaswell



preserved small,disconnectedpartsof a quitecomplicatedisosur-
face.If theuserincreasestheisovalueto 165,bothdownsampling
methodsleadto rathersimilar isosurfacesbecauseof the well de-
finedmaterials;seeFigures27 and28.

Figure27: Sameas Figure24
for theisovalue165.

Figure 28: Sameas Figure 25
for theisovalue165.

In summary, evenfor volumedatasetswith only afew materials,
topology-guideddownsamplingis usefulascomplicatedstructures
canariseat theborderlinebetweendatavaluesof differentmateri-
als.

4.3 Bonsai

Figure 29: An isosurface ex-
tractedfromaCTscanof abon-
sai.

Figure 30: Detailed view of
the lower left branch of Fig-
ure 29. The grid’s dimensions
are256 � 256 � 128.

Our third andlastexampleis a CT scanof a bonsai,which fea-
turesasharpbutverycomplex borderbetweenairandtheplantwith
many fine details. Figure29 depictsthe whole isosurface,while
Figure30 presentsa detailedview of the lower, left branch. Fig-
ure30 provesthatthegrid’s resolutionof 256 � 256 � 128vertices
is highenoughto reconstructsingleleaves.

Figure31: Sameas Figure30
but for a grid of dimensions
128 � 128 � 64 obtainedwith
averagingdownsampling.

Figure 32: Same as Fig-
ure 31 but using topology-
guideddownsampling.

Figure33: Sameas Figure 31
but for a grid of dimensions
64 � 64 � 32.

Figure 34: Same as Fig-
ure 33 but using topology-
guideddownsampling.

Figure35: Sameas Figure 33
but for a grid of dimensions
32 � 32 � 16.

Figure 36: Same as Fig-
ure 35 but using topology-
guideddownsampling.

Thiswayof representingatreeis relatedto shapemodelingtech-
niquesbasedon voxelizedscenes(see[7]). Again, we will show
that topology-guideddownsamplingpreservesmoredetailsof the
shapefor higherdownsamplingrates,which is crucialfor thiskind
of applications.

Figures31and32show thefirst downsamplingstepwith averag-
ing andtopology-guideddownsampling,respectively. Thesecond
stepis shown in Figures33 and34,andthethird in Figures35 and
36. While averagingdownsamplingmissesonly a few leavesaf-
ter the first downsamplingstepin Figure31, almostall leavesare
lost in the secondstepin Figure33, and the whole branchis no
longer recognizableafter threestepsin Figure 35. On the other
handtopology-guideddownsamplingpreserves all leaves at least
partially in Figure32 andpreservesa coarserepresentationof the
originalshapeof thebranchevenaftertwo andthreedownsampling
stepsin Figures34and36. Thesameis trueof thewholeshapeaf-

Figure37: Sameas Figure 29
but for a grid of dimensions
32 � 32 � 16 obtainedwith av-
eragingdownsampling.

Figure 38: Same as Fig-
ure 37 but using topology-
guideddownsampling.



terthreedownsamplingstepsin Figure38,while theresultobtained
with averagingdownsamplingin Figure37 is ratherdisappointing.
(Theisosurfacein Figure38 wasclippedat thebordersof thevol-
ume;this resultedin two darkholes.)

This examplesuggeststhat topology-guideddownsamplingis
notonly usefulfor scientificvolumevisualizationbut alsofor shape
modelingbasedonvolumegraphics,in particularif modelshave to
berepresentedwith differentlevelsof detail.

5 CONCLUSIONS AND FUTURE WORK

Wepresentedanew downsamplingmethod,calledtopology-guided
downsampling,which preserves muchmoreof the topologyof a
scalarvolume field than averagingdownsamplingmethods. As
a consequence,isosurfacesextractedfrom the downsampledgrids
will betopologicallymuchmoresimilar to theoriginal isosurfaces
thanwith previouslypublisheddownsamplingmethods.

Visualizationapplicationsthat arealreadyusingvolumedown-
samplingbeforeextracting an isosurface,e.g. [14], could imme-
diatelybenefitfrom topology-guideddownsamplingsimply by re-
placingthedownsamplingmethod.Otherapplicationsthatextract
isosurfacesfrom equidistantgrids,e.g.[12], couldeasilyintegrate
our downsamplingmethodin orderto show coarseapproximations
of isosurfacesfor previewing or in orderto acceleraterenderingof
very large datasetswhile the useris interactingwith the applica-
tion. As we have discussedin Section4, shapemodellingapplica-
tionscanalsobenefitfrom topology-guideddownsampling.

We did not discussour algorithmin the context of direct vol-
umevisualization,which is aninterestingtopic in itself andshould
be investigatedin the future. Also, we restrictedourselvesto iso-
surfaces,i.e. contoursin three-dimensions,sincewe believe that
applicationsin lower dimensionsarelesslikely, asisosurfacesare
muchmorefrequentlyusedthanisolines.However, wealsobelieve
that topology-guideddownsamplingcouldbesuccessfullyapplied
to higherdimensionalproblems.

As topology-guideddownsamplingis a preprocessingstep,we
did not discussoptimizationsof the algorithmbeyond look-up ta-
blesfor thecritical points.Apart from optimizationsof theexisting
implementation,it would alsobe interestingto measurethe qual-
ity of theresultsquantitatively andto optimizethealgorithmwith
respectto suchmeasures,for exampleby analyzingthe topology
and/orBetti numbersof all isosurfacesaftera downsamplingstep.
It might alsobepossibleto usetheseresultsto improve thedown-
sampledgrid at run-time.
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Figure39: Comparisonof theoriginal isosurfaceextractedfrom a 128 � 128 � 60 grid (left, Figure15),sameisosurfaceaftertwo averaging
downsamplingsteps(center, Figure18),andaftertwo topology-guideddownsamplingsteps(right, Figure19).

Figure40: Comparisonof theoriginal isosurfaceextractedfrom a256 � 256 � 110grid (left, Figure26),sameisosurfaceaftertwo averaging
downsamplingsteps(center, Figure24),andaftertwo topology-guideddownsamplingsteps(right, Figure25).

Figure41: Comparisonof theoriginalisosurfaceextractedfrom a256 � 256 � 128grid (left, Figure29),sameisosurfaceafterthreeaveraging
downsamplingsteps(center, Figure37),andafterthreetopology-guideddownsamplingsteps(right, Figure38).


