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Abstract. We presentnew dovnsamplingmethodfor structuredvolumegrids,
which preseresmuchmoreof thetopologyof ascalarfield thanexisting down-

samplingmethodsby preferablyselectingscalarvaluesof critical points.In par

ticular, mary critical pointscanbe preseredwhich arelost by traditionaldown-

samplingmethods Our methodis named“topology-guideddovnsampling”as
topology-preservinglovnsamplingis impossiblein generalHowever, we shav

that even an approximatepreseration of topologyis highly desirableif isosur

facesareextractedfrom the dovnsampledvolumegrid, e.g.for interactve pre-
viewing, becausenary topologicalfeaturesof the isosurfices,e.g.the number
of componentstunnels,and holes,are presered. We illustrate the benefitsof

our methodwith examplesfrom medicalandtechnicalapplicationsof volume
visualization.

1 Introduction

Interactize visualizationof large volumegridsis still a challengingaskbecausef the
increasingsizeof datasetsin medical,technical andscientificapplicationsHowever,
interactve changef the point of view, anisovalue,a transferfunction, or a clipping
geometrygreatlyimprovesthe usability and acceptancef visualizationtools andare
thereforeoftenrequiredby users.

Onecommonapproactto provide a high degreeof interactvity evenfor largevol-
umemeshess to visualizea coarse simplified meshwhile the userinteractswith the
visualizationtool andto switchbackto thefine meshassoonasthe userstopsto inter
act.For structuredyridsthe simplificationis usuallydoneby dowvnsamplingn orderto
generate coarsegrid with the structureof the original grid. Thus,the samevisualiza-
tion algorithmscanbe employedfor bothgrids.

However, traditionaldownsamplingnethodsgnoreandthereforedestrgy thetopol-
ogy of the original scalarfield, in particularits critical points. Thus,the topology of
isosurficesextractedfrom downsampledyrids will usually deviate strongly from the
topologyof the original isosurfices;j.e. the numberof disconnectedomponentstun-
nels,andholeswill stronglydiffer.

Unfortunately in mary caseshe topology of anisosurfceis its mostimportant
featureasit allows the userto navigatein a volume,to identify noisein a dataset,
or to estimatethe quality andplausibility of extractedshapesor structuresTherefore,



it is necessaryo usetopology-preservingimplificationtechniquesn orderto extract
isosurficeswith the correcttopologyevenfrom coarsemeshesHowever, existing ap-
proachesare limited to unstructuredneshesandthereforenot suitedto visualization
algorithmsfor structuredyrids.

Topology-guideddownsampling the methodpresentedn this paper fills this gap
by providing a simple algorithm for downsamplingstructuredgrids without blindly
destrging thetopologyof thescalaffield. Thisis achiezedby calculatingeritical points
anddeterminingthe datavaluesof the downsampledyrid from this classification.

Therestof this papelis organizedasfollows: Section2 reviews previouswork about
downsamplingandtopology preserationin directandindirect volumevisualization.
Our new downsamplingalgorithmis presentedn Sect.3. Applicationsof this method
to medicalandtechnicalvolume datasetsare discussedn Sect4, which compares
our resultswith averagingdownsamplingand clearly demonstratethe importanceof
(approximatejopologypreseration.Our conclusionsaresummarizedn Sect5.

2 Reated Work

Many algorithmsfor volumevisualizationhave beenacceleratedy employing down-
sampledyrids, e.g.ray casting[4, 9], splatting[8], andisosurficeextraction[7,13,11,
14]. For all thesetechniqueslownsamplings anessentiapreprocessingtep.

Downsamplingtself canbeimplementedy subsamplingi,e. successiely deleting
vertices,but is more often achieved by replacinga group of vertices(for structured
volumegridsusually2 x 2 x 2) by onevertex with theaveragedatavalueassuggested
for 2D mip mapsby Williams in [15] andfor 3D mip mapsby Levoy andWhitaker in
[9]. The generalizatiorof this methodis to filter a grid beforesamplingit at a lower
resolution;for arecentapplicationsee[7].

As mentioned thesedownsamplingmethodsusually destry the topology of the
scalarfield definedon the mesh.Unfortunately thereis no unique definition of the
topologyof a scalarfield; relatedconceptsarethe contour tree [3], the (hyper) Reeb
graph [5], andthe topology graph [1]. However, thesemethodsare all basedon the
conceptbof critical points of a scalarfield. Therefore topologypreserationof a scalar
field is definedasthe preseration of all critical points; seefor example[2,6]. The
theoreticaframework for this definitionis providedby Morsetheory see[10].

Topology-preservingndcontrolledtopologysimplificationof meshehavebecome
importanttechniquedor unstructuresneshe$2, 6]. In orderto utilize theseechniques
and conceptsn the context of structuredgrids, we presentthe methodof topology-
guideddownsamplingn thefollowing section.

3 Downsampling with Approximate Topology Preservation

As topology-guideddownsamplingis possiblein two dimensionsaswell asin three
dimensionswe will illustrateouralgorithmwith thehelpof thetwo-dimensionascalar
field f(z,y) depictedin Fig.1a,which is definedby a bilinear interpolationbetween
scalarvaluesat the verticesof a two-dimensionatartesiargrid. Isolinesare extracted
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Fig. 1. (a) A two-dimensionatcalar(height)field. (b) Piecaviselinearapproximatiorto aniso-
line in thescalarfield of (a)

Fig. 2. The critical points of the field of Fig.1a. Maxima are marked with dottedcircles (o),
minimawith disks(e), andsaddlepointswith emptycircles(o)

from this grid by a decompositionnto triangularcells andslicing the resultantheight
field with ahorizontalplaneasshowvn in Fig. 1b.

In orderto (approximately)presere the topology of this scalarfield, its critical
pointshave to be presered. Thefirst stepis thereforeto identify critical pointsin two-
andthree-dimensionadtructuredgrids.

3.1 Critical Pointsin Two Dimensions

Critical pointsarelocal maxima,local minima,andsaddlepoints.They indicatepoints
whereanisoline or isosurficechangests numberof component®r its genuslt is an
importantadvantageof simplicial meshesi.e. triangularmeshesn two dimensiongnd
tetrahedrameshesn threedimensionsthatall critical pointsare at vertex positions.
Therefore,two-dimensionalstructuredgrids are usually decomposednto simplicial
meshesasshawn in Figs.1b and2 for our example. We emphasiz¢hatthis decompo-
sitionis only virtual, i.e. it is notstoredin ary datastructuresut performedon-the-fly
wheneerit is required.

In orderto handleverticesat the boundaryof the grid, we (virtually) generatehe
missing neighborsby mirroring neighboringverticesacrossthe boundary(see[6]).
With this in mind, the decompositiorinto trianglesemployedin Fig.2 generatesnly
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Fig. 3. Thesurroundingolygon(thick line) of avertex (O) with (a) four neighborsand(b) eight
neighbors

two kinds of vertex neighborhoodsonewith four neighborsshavn in Fig.3aandan-
otherwith eightneighborshowvnin Fig.3b.

In analogyto [6] we definethe correspondingurrounding polygon of a vertex by
theboundaryof theadjacentriangles.Thesurroundingolygondefinesanedgegraph,
which will be usedin orderto classifythe surroundedrertex asa regular point, local
maximum,local minimum,or saddlepoint.

This classificationis achiezed by markingeachnodeof the edgegraph,i.e. each
vertex neighborof the surroundingpolygonof a vertex. A neighboris marked with a
1 if its datavalueis greaterthanthevalueat the surroundedrertex, anda 0 otherwise.
Thenall edgedetweeral nodeanda0 nodearedeletedandthe numberof remaining
connecteccomponentf the edgegraphis counted.If this numberis one,thenthe
point is an extremum;if it is two, thenthe point is regular; otherwisethe point is a
saddlepoint. The resultsof this classificatiorfor eachvertex of the grid of Fig.lais
shavnin Fig. 2. Notethatthis classificatiorignoresary degeneraciesThisis legitimate
aswe areonly concernedvith anapproximatereserationof critical points.

3.2 Automatic Look-Up Table Generation

In orderto speedup the classificationof pointsdiscussedbore, precalculatedook-
up tablesareemployed. This is doneby numberingall nodesof the edgegraph.The
numberof eachnodecorresponddo a bit position, which holdsthe mark 0 or 1 of
thecorrespondingnode.Theresultantit patternis interpretedasanintegerindex into
a look-uptablewhich containsa classificationcodefor eachindex. For example,the
bit patternfor a local maximumwill only consistof 0s, i.e. theindex will be0. Thus,
thefirst entryin thelook-uptablewill bethe classificatiorcodefor alocal maximum.
Similarly, thebit patternfor alocal minimumwill only consistof 1s,i.e. thelastentry
in thelook-uptablewill betheclassificatiorcodefor alocal minimum.

We notethat local maximaand minima are easily identified; therefore,only one
bit perentryin thelook-uptableis neededn orderto distinguishbetweerregularand
saddlepoints, thus the minimal table size for the surroundingpolygon of Fig.3ais
only 2¢/8 = 2 bytes. The sizeof the correspondindook-uptablefor the surrounding
polygonof Fig.3bis 28 /8 = 32 bytes.
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Fig. 4. Surroundingpolyhedraof a vertex: (a) six neighborsdefinean octahedron(b) 18 neigh-
borsdefineatriangulateccubeoctahedron

3.3 Critical Pointsin Three Dimensions

Thefirst problemin threedimensionds to find a suitabletetrahedralizatioof a struc-
tured hexahedralgrid. In [3] Carr et al. discussvariousdecompositiorschemedor
three-dimensionastructuredgrids and choosea subdvision of eachhexahedralcell
into face-centeresquaregyramidsalthoughthis requireghatnew datapointsareinter-
polated We decidedo avoid new datapointsandthereforesubdvide eachhexahedron
into five tetrahedraAs notedin [3], this decompositioris not symmetricalasit gen-
eratestwo kinds of vertex neighborhoodsAlso note that the decompositioris only
virtual, i.e. it is performedon-the-fly

In analogyto the two-dimensionatasewe definethe correspondingurrounding
polyhedron of a vertex by the boundaryof the adjacenttetrahedra(see[6]). For the
decompositiorof hexahedralcells into five tetrahedrahis generatedwo polyhedra:
an octahedrormand a triangulatedcubeoctahedrorseeFigs.4a and 4b. However, the
approximatve natureof ouralgorithmallows usto relaxtheneedor acorrectsimplicial
decompositionThus,we usethe samesurroundingpolyhedronfor all vertices As the
triangulateccubeoctahedrogeneratedbetterresultsin our experimentswe employed
it for all examplesn Sect4.

The classificationof verticesas regular points,local maxima,local minima, and
saddlepointsis donein a similar way asin the two-dimensionakase.In particulay
nodesof the edgegraphsdefinedby the surroundingpolyhedraaremarkedin the same
way: Nodeswith a datavaluegreaterthanthe datavalueat the surroundedrertex with
al, otherwisewith a0. All marksarecollectedin abit patternwhichis usedto index a
precomputedook-uptablecontainingthe classificatiorbit for the vertex asdiscussed
above. Thetablesizeis 2!8 /8 = 32768 bytes for the triangulateccubeoctahedroand
26/8 = 8 bytes for the octahedron.

3.4 Preservation of Critical Points

Oneof the resultsof Morsetheoryis, that we have to presere all critical points of
a scalarfield, in orderto presere the topology of all its isosurbices.However, it is



Fig. 5. The partitioning of the grid of Fig.1a emplg/ed for downsampling.Critical pointsare
markedasin Fig.2
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Fig. 6. (a) Thescalarfield obtainedby averagingdovnsamplingof the grid of Fig. 1a.(b) Piece-
wiselinearapproximatiorto anisolinein thefield of (a) for the samesovalueasin Fig. 1b

not necessaryo presere the exactgeometricpositionof the critical points.Nonethe-
less,thescalarvaluesat all critical pointshave to be preseredexactly. Otherwisethe
topologyof isosurbicesfor isovaluesin theinterval betweerthe old andthe new scalar
valueat a critical pointis changedFor example,if alocal maximumis presered but
its scalarvaluevy,,x is decreasetb v! .. < Umax, all isosurbcesfor isovaluesin the

intenal [v],.«, Umax] Will be modifiedtopologically This is what usually happengo
local extremawith thetraditionalcombinatiorof filtering anddownsampling.

An exampleis givenin Figs.1, 5, and6. The scalarfield of Fig.1ais downsampled
by averagingthe scalarvalues,i.e. heights,over groupsof four (or less)verticesas
indicatedin Fig.5 (for now ignore the marksof the critical vertices).Eachgroup of
verticescorrespondso one new vertex of the downsampledgrid depictedin Fig.6a.
Becauseof the averagingthe height of both maximais decreasedn the new field.
Thereforetheisolinesfor the sameisovaluearetopologicallydifferentfor the original
field andits downsampledrersionasshavn in Figs.1band6b, respectrely.

Ourgoalis to avoid thesechangesvhene&er possible therefore we have to avoid
linearfiltering. Thus,our downsamplingprincipleis to selectandtherebypresere the
scalarvaluesof critical points. Although this selectiondoesnot guaranteghe preser
vation of critical points,the preseration of the selectedscalarvaluesis a necessary
conditionfor thepreserationof critical points.
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Fig. 7. (a) SameasFig.6afor topology-guidedlovnsampling.(b) SameasFig.6b for thefield
in (a)

Theselections illustratedin Fig.5, whereall critical pointsaremarked. In this ex-
ampleeachgroupof verticescontaingexactly onecritical point. Thescalavalueof each
critical pointis thenusedfor downsamplingnsteadof the averageheightof the group
of vertices.Theresultandownsampledyrid is depictedn Fig. 7a.Figure7b shovsthat
the topologyof theisoline of Fig.1bis preseredwith this downsamplingtechnique.
Thefollowing sectiondescribe®ur methodin moredetailfor three-dimensionajrids.

3.5 Downsampling Algorithm

Ourdownsamplingnethodreduceshenumberof verticesof athree-dimensionatruc-
turedgrid with evendimensiondy afactorof eightby replacinggroupsof2x2x2 = 8
verticesby onevertex. For eachdisjointgroupof 8 verticesthefollowing stepsareper
formedin orderto determinghescalarvalueof the new vertex. (If notgivenimplicitly,
thepositionof the new vertex is determinedy the averagepositionof the 8 vertices.)

1. For eachvertex of thegroup,computewhetherit is aregularpoint,a saddlepoint,
or anextremum.Also, computethe averagescalarvalueof thesevertices.

2. If thereis nocritical point, the averagescalarvalueis theresult.

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

4. If therearemultiple saddlepointsbut no extremum,the scalarvalueof the saddle
pointwith thelargestabsolutadistanceo the averagescalarvalueis theresult.

5. If thereare(multiple) saddlepointsbut only oneextremum the scalarvalueof the
extremumis theresult.

6. Otherwise the scalarvalue of the extremumwith the largestabsolutedistanceto
theaveragescalarvalueis theresult.

Stepsl. to 3. are motivatedby the considerationslescribedabove. Steps4. to 6.
reflectour interestin the most“important” critical points,as saddlepointsarelikely
to dependon neighboringextrema,anddistantcritical pointsarelikely to have more
influenceon the topologyof isosurbcesthancritical pointscloseto the averagescalar
value.
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Fig. 8. (a) An isosurficeextractedfrom a CTA volumedataset.(b) Samesosur
faceextractedfrom a grid dovnsampledo dimensions with averagingdovnsam-
pling. (c) Sameas(b) with topology-guidedlovnsampling

This downsamplingprocedurecanbe appliedrepeatedly—eactime reducingthe
numberof verticeshy afactorof 8. However, in comparisono averagingdownsampling
methodsmuchmoreof thetopologicalinformationis preseredby ouralgorithmaswe
will demonstratavith the helpof severalexamplesn thefollowing section.

4 Examplesand Results

4.1 Blood Vessels

Ourfirstexampleis a CTA volumedatasetshaving bloodvesselsaroundananeurysm.
It is well suitedto demonstrateur algorithmasit containsnoise and structuresof

very differentsizes.The resolutionof this datasetis 128 x 128 x 60 voxels and 8

databits pervoxel. In orderto visualizeit, we will extractthe isosurficefor a fixed

isovaluewith asimplemarchingetrahedralgorithmafterdecomposingheequidistant
grid into tetrahedraas explainedin Sect.3. Figure 8a shaws the resultantisosurfice
of the original dataset. All isosurficesare renderedusing flat shadingwith surface
normalscalculateddirectly from eachtrianglein orderto emphasizehe underlying
grid structureevenfor veryfine grids(seeFig.8a).

We will comparethe downsamplingresultsof our algorithmto a simpleaveraging
downsamplingwhich replacesightverticesby onevertex with the averagedatavalue
asemployedin [15,9,4]. More generalffiltering anddownsamplingmethodse.g.[7],
suffer essentiallyfrom the sameproblemsfor acomparablelovnsamplingate.

Figure 8b shaws the isosurficeto the sameisovalue asin Fig.8a but extracted
from a downsampledvolume of dimensions32 x 32 x 1 using traditional averag-
ing downsamplingln contrastfig.8c depictstheresultfor the samesettingsbut using
topology-guidedionnsamplingasdescribedn Sect.3 with the cubeoctahedroheing
the surroundingpolyhedronof all vertices.The compressionateis 8 16 in
both casesNote that noneof the two dowvnsamplingmethodsdependn a particular
isovalue,i.e. theusermay chooseanisovalueafterthe downsamplingwhichis only a
preprocessingtep.
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Fig.9. (a) Isosurhce extractedfrom the original grid. (b) Sameisosurfce
extractedfrom agrid of dimensions obtainedby averagingdonnsampling(c) Same
as(b) but usingtopology-guidedlovnsampling

Obviously, the noisemanifestingitself in small disconnectegbartsof the original
isosurficein Fig.8ais preseredwith ourdownsamplingnethodn Fig.8cbutis almost
completelylostwith averagingdownsamplingn Fig. 8b. More importantly seseralcru-
cial connection®f bloodvesselwisiblein Fig.8abecomelisconnecteth Figs.8band
8c. However, our methodpreseresat leastpartsof the vesselsvhile averagingdown-
samplingresultsn largergaps or eventhecompletevanishingof partsof vesselse.g.at
thetop of Fig.8h.

4.2 EngineBlock

Our secondvolumedatasetdescribesan engineblock. This examplediffersconsider
ably from thefirst: Insteadof a continuumof intensitiesthereareonly threematerials,
i.e. air andtwo kinds of alloys. Due to noise,however, isosuricescorrespondingo
isovaluesbetweenthe two materialvaluesarelikely to consistof mary disconnected
componentasshovnin Fig.9a.

Thiscomplicatedopologicalstructurecannotbe preseredby averagingdovnsam-
pling (seeFig.9b), while topology-guideddownsamplingpreseresmary moreof the
componentsf atypicalisosurbice(seeFig. 9¢). Of course preserationof noiseis not
alwaysdesirable However, for the purposeof previewing isosurficeswhich might be
distortedby noise,the preserationof thesetopologicalfeatureds very useful.

4.3 Bonsai

Our third andlast exampleis a CT scanof a bonsai,which featuresa sharpbut very
comple borderbetweerair andthe plantwith mary fine details.Figure10adepictsthe
wholeisosurfice.Thegrid’s resolutionof 2 6 x 2 6 x 128 verticesis high enoughto
reconstrucsingleleaves.

This way of representin@ treeis relatedto shapemodelingtechniquedasedon
voxelizedscenegsee[7]). Again, we will shav thattopology-guideddownsampling
preseresmoredetailsof the shapeor higherdownsamplingateswhichis crucialfor
thiskind of applications.
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Fig. 10. (a) An isosurficeextractedfrom a CT scanof abonsai(b) Samesosurficebut extracted
from a grid of dimensions obtainedwith averagingdownsampling(c) Sameas(b)
with topology-guidedlovnsampling

Figures10b and 10c shav the sameisosurfice after three downsamplingsteps.
While the shapeis no longerrecognizablefter averagingdownsamplingin Fig.10b,
topology-guidediownsamplingoreseresa coarsaepresentatioof theoriginal shape,
asshavn in Fig.10c.(Theisosurgcein Fig.10cwasclippedat the bordersof thevol-
ume;thisresultedn two darkholes.)

This examplesuggestghat topology-guideddownsamplingis not only useful for
scientificvolumevisualizationbut alsofor shapemodelingbasedn volumegraphics,
in particularif modelshaveto berepresentediith differentlevelsof detail.

5 Conclusionsand Future Work

We presentech new downsamplingmethod,called topology-guideddownsampling,
which preseres much more of the topology of a scalarvolumefield thanaveraging
downsamplingmethods As a consequencéasosuracesextractedfrom the downsam-
pledgridswill betopologicallymuchmoresimilarto theoriginalisosuraiceghanwith
previously publisheddownsamplingmethods.

Visualizationapplicationghatarealreadyusingvolumedownsamplingoeforeex-
tractinganisosurfice g.g9.[14], couldimmediatelybenefitfrom topology-guidediown-
samplingsimply by replacinghedownsamplingnethod Otherapplicationghatextract
isosurfhicesfrom equidistangrids, e.g.[12], could easilyintegrateour downsampling
methodin orderto shav coarseapproximation®f isosurticesfor previewing or in or-
derto accelerateenderingof very large datasetswhile the useris interactingwith
theapplication As we have discussedh Sect4, shapemodellingapplicationanalso
benefitfrom topology-guidedionnsampling.

We did not discussour algorithmin the context of direct volume visualization,
which is an interestingtopic in itself and shouldbe investigatedn the future. Also,
we restrictedoursehesto isosurfices,.e. contoursin three-dimensionsincewe be-
lieve thatapplicationsn lowerdimensionsrelesslik ely, asisosurbcesaremuchmore



frequentlyusedthanisolines However, we alsobelieve thattopology-guidedionnsam-
pling could be successfullyappliedto higherdimensionaproblems.

As topology-guidediovnsamplingis a preprocessingtep,we did not discussop-
timizationsof the algorithmbeyond look-up tablesfor the critical points. Apart from
optimizationsof the existing implementationjt would alsobe interestingto measure
the quality of the resultsquantitatvely andto optimize the algorithmwith respectto
suchmeasuredor exampleby analyzingthetopologyand/orBetti numbersof all iso-
surfacesafter a downsamplingstep.It might also be possibleto usetheseresultsto
improvethedownsampledyrid atrun-time.
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Fig. 11. Comparisorof anisosuriceextractedfrom a grid (left) with thesame
isosurficeaftertwo averagingdovnsamplingstepq center) andaftertwo topology-guidediovn-

samplingstepg(right)

Fig. 12. Comparisonof an isosurice extractedfrom a grid (left) with the
sameisosurficeaftertwo averagingdovnsamplingsteps(center) andaftertwo topology-guided
dovnsamplingstepg(right)

Fig. 13. Comparisorof anisosurficeextractedfrom a grid (left) with thesame
isosurfice after three averagingdovnsamplingsteps(center) and after threetopology-guided
dovnsamplingstepg(right)



