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Abstract
Wepresenta novelclusteringalgorithmfor polygonalmesheswhich approximatesa Centroidal VoronoiDiagram
construction.Theclusteringprovidesan ef�cient way to constructuniform tessellations,and therefore leadsto
uniformcoarseningof polygonalmeshes,whentheoutputtriangulationhasmanyfewer elementsthanthe input
mesh.Themeshtopology is alsosimpli�ed by theclusteringalgorithm.Basedon a mathematicalframework,our
algorithmis easyto implement,andhaslow memoryrequirements.Wedemonstratetheef�ciency of theproposed
schemeby processingseveral referencemesheshavingup to 1 million trianglesandveryhigh genuswithin a few
minutesona low-endcomputer.

1. Intr oduction

3D meshesare usedin a vast majority of 3D applications
suchasComputerAided Design,Medical Imaging,Virtual
Reality and Video Games.3D modelsare constructedby
designers,or canbe generatedautomaticallyfrom real ob-
jects using 3D scanners.Nowadays,the modelscan have
up to severalmillion or evenbillion elements(vertices)and
sometimesneeda preprocessingstepto matcha given ap-
plicationrequirements.Theprocessingstepsometimescon-
sists in reducingthe complexity of the mesh(in termsof
numberof elements,topologyor smoothness)to accelerate
renderingor transmission,increasingits elementsaspectra-
tio (for accurate�nite elementsanalysis),or remeshing(to
meetagivenconnectivity constraint).As aconsequence,au-
tomaticor semi-automaticgeometryprocessingbecomesin-
creasinglyimportantfor interactionsbetweenvariousappli-
cations.Weproposein thispaperanovel surfacemeshcoars-
eningalgorithm,which resamplesthe surfaceto a uniform
meshwith many fewerelementsthantheoriginalmesh.Our
approachis basedon a clusteringof theoriginal meshcells,
mimicking a CentroidalVoronoiDiagram(CVD) construc-
tion, which is theoreticallythe optimal strategy for resam-
pling [DFG99]. The complexity of our algorithm(in terms
of calculationsandmemoryrequirements)is low, allowing
theprocessingof largemeshes,asshown in theresultssec-
tion, whereprocessingmesheswith up to 1 million triangles
takesonly few minutesona low-enddesktopcomputer.

2. PreviousWork

Coarseninga meshconsistsin resamplingthe original sur-
facewith alowernumberof vertices.Thenumberof existing
approachesfor meshresamplingis veryhigh.For simplicity,
we cansplit theexisting approachesin threecategories:re-
�nement, decimation,or direct approaches,which will be
describedmoreprecisely, dueto promisingrecentadvances.

Re�nementapproaches[EDD� 95, DHI92, LSS� 98], ap-
proximatetheoriginal surfacewith a coarsemeshwhich is
iteratively re�ned until agivenprecisionis reached.

Decimation approaches, such as
[GH97, Hop96, MTT97, RB93,VP04] also process the
mesh iteratively, constructing several resolution levels.
For a given mesh,several resolutionlevels areconstructed
by meansof elementarysimpli�cations (edgecollapseor
facemerge, as an example),until the approximationerror
reachesa user-de�ned maximum.A survey of coarsening
approachesis madein [HG97].

In opposition to the �rst two categories, direct ap-
proaches (or remeshing approaches)compute a mesh
with a given number of elementsor approximationer-
ror budget in a single resolution way. Some approaches
remesh the original surface in a global parametric
space[AMD02, AdVDI03, ACSD� 03,GGH02] They pro-
vide good results, but are limited in practice by the
parametrizationstep,involving heavy calculationsandnu-
merical instability. To overcometheseproblems,someap-
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proaches[SAG03, SG03] were proposed,involving local
parametrizationand optimization of the remeshedmodel.
Other works [LRM � 98,Tur92] distribute new verticesdi-
rectly on the original surfacemesh,to build a new tessel-
lationwhichcanbefurtheroptimized.

In [PC03] and[SSG03] theauthorsproposeto remeshthe
modelusinggeodesicdistances:thenew verticesarecreated
usinggeodesicfront propagation.Notethattheverticesdis-
tributioncanalsobeadaptedto local curvature.

Note that remeshingapproachesallow the construction
of mesheswith as many verticesas wanted.Indeed,mesh
coarseningis not the main goal of remeshingapproaches,
asthey permitotherimprovement(in termsof trianglesas-
pectratio)andshapeadaptedremeshing(e.g.adaptionof the
samplingaccordingto thelocal curvature).

In [NT03], NooruddinandTurk proposeto simplify the
meshtopologyby a volumetricapproach:the meshis con-
vertedto a volumetricrepresentation(voxels) which topol-
ogy is simpli�ed by meansof morphologicaloperations.Af-
terwards,the volumeis re-convertedto a polygonalmodel
which is furthersimpli�ed.

We canalsomentionout-of-coreapproachesfor coarsen-
ing [ILGS03,WK03], usedfor largemodelswhichdonot �t
entirelyinsidethecomputerRAM.

3. Our Approach

In this paper, we proposean algorithm for meshcoarsen-
ing, which producesuniform triangulations.We only deal
with triangularinputmeshes,but theextensionto thepolyg-
onalcaseis straightforward.Ourapproachcanbeappliedto
manifoldmesheswith any genusandany numberof holes.
The�rst stepis aclusteringof themeshcells(triangles)into
anapproximationof a CentroidalVoronoiDiagram(CVD),
which is the main contribution of this paper. The cluster-
ing is basedon an energy minimizationstepanda validity
checkingstep.

The secondstepconsistsin replacingeachclusterby a
singlevertex, andconstructingthetriangulationaccordingto
theclustersadjacency relations.Weassumethatthesubsam-
pling factorof the coarseningis high i.e. the ratio between
thenumberof originalverticesandthenumberof verticesof
the resultingmeshis high. In this paper, we displayresults
with mesheswhich numberof verticesis at leastdividedby
20. Thosehigh subsamplingratiosenableus to formalizea
new clusteringapproach,noticingthatevenif theinput sur-
faceis a discreteset(theunionof severalpolygons),it can
beseenasa continuousspace,astheinput polygonswill be
small comparedto the outputones.Note that our approach
simultaneouslysimpli�es the meshgeometryandits topol-
ogy, and thus can be seenas a topologicaland geometric
�lter .

4. TechnicalBackground

In this section,we make anoverview of CentroidalVoronoi
Diagrams(CVD) in termsof energy minimization.Supple-
mentarydetailscanbefoundin [DFG99].

4.1. Voronoi Diagrams

Given an opensetWof Ra, andn differentsites(or seeds)
zi;i= 0;1;:::;n� 1, theVoronoiDiagramcanbede�ned asn dis-
tinct regionsVi suchthat:

Vi = f w 2 Wjd(w;zi) < d(w;zj ) j = 0;1; : : : ;n� 1; j 6= ig
(1)

whered is afunctionof distance.Thesediagramsarewell
known in theliterature.Thedualof a VoronoiDiagramis a
Delaunaytriangulation,which hasthepropertythattheout-
circleof every triangledoesnot containany othersite.

4.2. Centroidal Voronoi Diagrams

A CentroidalVoronoiDiagramis a VoronoiDiagramwhere
eachVoronoisitezi is alsothemasscentroidof its Voronoi
Region:

zi =

R
Vi

x:r (x)dx
R
Vi

r (x)dx
(2)

wherer (x) is adensityfunctionof Vi

Moreover, Centroidal Voronoi Diagramsminimize the
Energy givenas:

E =
n� 1

å
i= 0

Z

Vi

r (x)kx� zik
2dx (3)

Constructinga CentroidalVoronoi Diagram(CVD) can
be doneusing K-meansclusteringand Lloyd's relaxation
method[Llo82], asan example.CVDs have intrinsic prop-
erties which make them optimal for a wide range of
applications[DFG99] becausethey optimize the compact-
nessof thecreatedVoronoiRegions(seeequation3.

We presentherea novel approachto approximatea Cen-
troidal VoronoiDiagram,basedon theglobalminimization
of theenergy termE de�ned in equation3, but which com-
putationinvolves only local queries,and is thereforevery
fast.

5. Our clustering algorithm

5.1. Simplifying the energy term

Our augorithmis basedon the constructionof a clustering
which minimizesequation3. We want to constructa CVD
onadiscreteset:apolygonalmeshM. We�rst considerthat
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thismeshM is planar(all verticesarecoplanar).Now were-
strict theboundariesof eachVoronoiRegionVi to bea sub-
setof the edgesof M. As a consequence,a Voronoi region
is theunionof severalmeshcells(trianglesor polygons)C j .
Note that with suchrestriction,the regionsVi areno more
Voronoiregionsin thestrict sense,which is the�rst approx-
imationwemake:eachregionVi is theunionof severalcells
Cj , and a cell Cj is a part of one and only one region Vi .
Constructingsuchdiagramcomesnow asa clusteringprob-
lem: we want to merge the cells Cj of the meshM into n
clusters(which look like Voronoi regions)Vi , eachcluster
having only 1 connectedcomponent.

Wecannow rewrite E by introducingthemeshcellsCi :

E =
n� 1

å
i= 0

 

å
Cj 2 Vi

Z

Cj

r (x)kx� zik
2dx

!

(4)

we now chooser (x) to be uniform. As a consequence,R
Cj

r (x)dx = area(Cj ). Herecomesour secondapproxima-
tion onE: weapproximateeachcellC j by asinglepoint : its

centroidgj =
R

Cj
xdx

R
Cj

dx with a weightr j = area(Cj ). Equation

4 now becomes:

E =
n� 1

å
i= 0

 

å
Cj 2 Vi

r jkgj � zik
2

!

(5)

As ourgoalis to build theCVD, wehave to �nd whereto
placethe Voronoi Siteszi of eachregion Vi . We know that
for a given CVD, eachsite zi equalsto the centroidof Vi .
With our assumptions,thecentroidgi of eachclusterVi can
beeasilycomputedas:

gi =
åCj 2 Vi

r jgj

åCj 2 Vi
r j

(6)

We now substitutezi in equation5 by gi , to obtaina new
Energy F:

F =
n� 1

å
i= 0

 

å
Cj 2 Vi

r jkgj � gik
2

!

(7)

At this point,F only dependson thechosenclusteringof
theoriginal mesh,which is very interesting,aswe no more
needto explicitly computethepositionof theVoronoisites.
We only facea global varianceminimization problemfor
eachregionVi , whichwesolve in thefollowing section.

5.2. Energy minimization

By combiningequations7 and6 weobtain:

F =
n� 1

å
i= 0

0

B
@ å

Cj 2 Vi

r jkgjk
2 �






 åCj 2 Vi

r jgj








2

åCj 2 Vi
r j

1

C
A (8)
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Figure1: Thethreecasesof energycomputationfor a given
edge:(a) initial con�guration (Cm 2 Vk, Cn 2 Vl ); (b) Vk
grows (Cm 2 Vk and Cn 2 Vk); (c) Vl grows (Cm 2 Vl and
Cn 2 Vl .

Weproposeto minimizethisenergy termwith aniterative
algorithm that updatesthe clustersaccordingto boundary
tests.As the boundariesof the regionsVi is a subsetof the
meshedges,a local testfor eachedgee betweentwo differ-
entclustersis processed.Let usassumethata givenedgee
is ontheboundarybetweentwo clustersVk andVl . Theedge
ehastwo adjacentcellsCm andCn belongingrespectively to
Vk andVl . Wehaveto computethevalueof F for threecases:

� Finit (the initial con�guration) : Cm belongsto Vk andCn
belongsto Vl .

� F1 (Vk grows andVl shrinks): bothCm andCn belongto
Vk.

� F2 (Vk shrinksandVl grows): bothCm andCn belongto
Vl .

Afterwards,thecaseresultingin thesmallestenergy F is
chosen,andtheclusterscon�gurationis updated.By looping
in theboundaryedgeset(thesetof edgesbetweentwo dif-
ferentclusters),we iteratively minimize F. As F is always
positive andeachlocal modi�cation reducesF, the conver-
genceof thealgorithmis guaranteed.

Figure1 shows the threecomputedenergiesfor an edge
betweenCellsCm andCn, belongingrespectively to the re-
gionsVk andVl .

5.3. Ef�cient implementation

For a fast and ef�cient implementation,a few numberof
variablesmustbekeptin memory. Indeed,eachtimewepro-
cessthe energy test,we usefor eachClusterVi the values
åCj 2 Vi

r jkgjk
2, åCj 2 Vi

r j andåCj 2 Vi
r jgj which arestored

in threedifferentarrays,respectively SGamma2, SRhoand
SGamma. Thevaluesof thesearraysareupdatediteratively,
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as the clusterscon�guration changes.But for eachtest,as
the envisagedclusteringmodi�cation is local, only two of
thesethreearraysare actually needed: let us assumethat
we want to performtheenergy teston a givenedgee, with
two adjacentcellsCm andCn, belongingrespectively to the
clustersVk andVl . The evolution of the energy F will only
dependon thecontributionsof Vk andVl to F whichsumto:

L1 = å
Cj 2 (Vk

S
Vl )

r jkgjk
2 �






 åCj 2 Vk

r jgj








2

åCj 2 Vk
r j

�






 åCj 2 Vl

r jgj








2

åCj 2 Vl
r j

(9)

Moreover, in the threeenvisagedcases,Vk
S

Vl will re-
mainconstant.Then,we canomit to computethe �rst term
of L1 asit will be the samein the threecases,andthe test
will only consistin calculating:

L2 = �






 åCj 2 Vk

r jgj








2

åCj 2 Vk
r j

�






 åCj 2 Vl r jgj








2

åCj 2 Vl
r j

(10)

for eachof the threecases.We areleft with an equation
which doesnot contains,åCj 2 Vi

r jkgjk
2 anymore.Finally,

for fastcomputation,weonly needtwo arrays:SGammaand
SRhowhich are updatedas the clusteringevolves through
time.

5.4. Initialization

Section5.2givesa way to updatea givenclustercon�gura-
tion, but we have to build a con�guration to startwith. In-
steadof usinganothergraphpartitioning for initialization,
meslightly modify our algorithm.We now assumethat the
numberof clustersn is chosen.We randomlypick n differ-
ent cells Cj in M. Eachpicked cell is then given one dis-
tinct cluster. All other cells do not belong to any cluster,
which is equivalent to associatingthemto the null cluster.
Themeshis now partitionedinto n+ 1 clusters: n clusters,
eachcontainingonecell, andthenull clustercontainingall
the other cells. As an example,for a triangularmesh,the
boundaryedgesetcontains3n edges,assumingthat all the
picked cells areisolated.The loop over the boundaryedge
setcannow start.For eachboundaryedgee with two adja-
centcellsCm andCn, we performa testbeforecomputing
the threeenergy casesde�ned in section5.2: if oneof the
two cellsbelongsto thenull cluster, it is automaticallygiven
to the othercell's cluster, without any energy computation.
The given algorithm is able to computea clusteringof M
from endto end.

5.5. Validity of the clustering

We addanadditionalconstraintto our clusteringalgorithm:
we want eachcluster to be a 1-connectedset of cells, to
make thefurthertriangulationconstructioneasier. As acon-
sequence,whentheenergy minimizationstepis �nished, we

have to checkwhetherthis constraintis respected.We ex-
perimentallyobserved that theclustershardlyever fall into
severaldisconnectedparts.In thefew encounteredcases,we
solved this issueas follows : for eachclusterwith several
distinctcomponents,we�nd thecomponentwith thehighest
areaandleave it unchanged.Smallercomponentsareasso-
ciatedto thenull clusterde�ned in section5.4.Afterwards,
we restartthe energy minimizationalgorithm.The number
of disconnectedclustersis thendrasticallyreduced,andwe
can repeatthis stepuntil there is no disconnectedcluster.
Thereis no guaranteethat the clusteringwill be valid af-
ter a given numberof iterations,but experimentaly, after a
maximumof � ve loops,theclusteringwasvalid. Furtherin-
vestigationswill addressthe theoreticalconditionsfor such
validity.

5.6. 2D examples: samplinga square

Figure2 shows two examplesof clusteringwith ourscheme
onplanartriangulations.Webuilt two differentmeshes,both
with 20k vertices.For eachmesh,the verticescoordinates
are randomlychosen,but with different distributions.The
verticesof theuppertriangulationareuniformly distributed
on the square,while the verticesof the lower triangulation
areconcentratedon thelower sideof thesquare.On theleft
sideis displayedtheinitial trianglespick (randomcells),the
right sideshows the�nal clustering,which clustersaresep-
aratedby black-paintededges.We canclearly seethat the
clusteringis uniform on the �rst example,but the second
con�gurationcontainsmoreclusterson thelowerpartof the
square.As a consequence,our clusteringis affectedby the
originalmeshsampling,but thiseffect remainsquitelow ex-
perimentally.

5.7. Extensionto the 3D case

In all above equations,all the verticesof the original mesh
arecoplanar. As we aim at coarsening3D meshes,we have
to extendthisframework to the3D case.Theexactextension
shouldinvolve thecomputationof geodesicdistanceson the
mesh,asmadein [PC03] and[SSG03].But this would pre-
ventusfromusingthesimpli�cationsthatleadustoequation
10.As aconsequence,weapproximatethegeodesicdistance
with the Euclidiandistanceandwe canadjustour approch
by processingthreecoordinatesinsteadof two. Thisapprox-
imationintroducessomeerrorwhich is small in �at regions
but increaseswith the local curvature.Oneinterestingfea-
tureof suchapproximationis that it processesa �ltering of
the geometryin regionswhich containsrelatively high fre-
quency detailsthat cannotbe representedef�ciently with a
coarsemesh.

6. Building up the triangulation

Similarly to VoronoiDiagramswhich aredual to Delaunay
triangulations,wecanbuild a triangulationby dualizationof
theconstructeddiagram.
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Figure 2: Resultson a planar triangulation.Top : uniform
triangulation,Bottom: nonuniformtriangulation.Left : ini-
tial state(randomlypickedtriangles);right : �nal clustering.

6.1. Meshvertices

Dualizing the diagramimplies the creationof a vertex for
eachclusterof the diagram.An easyway to computethe
coordinatesof a given vertex Vei correspondingto a given
clusterVi is to take thecentroidgi of thecluster, de�ned in
equation6, which is alreadycomputedduringtheclustering
step.But for convex parts,thecentroidof a givenclusteris
insidethe3D objectandoutsidefor concave parts.To elim-
inatethiseffect, for eachclusterCi , wesetits vertex coordi-
natesto thecoordinatesof theoriginalmeshvertex which is
theclosestto thecentroidgi .

6.2. Triangulation

Oncethe meshgeometry(verticescoordinates)is created,
theconstructionof its connectivity is straightforward,simi-
larly to Delaunaytriangulations,wherea triangleis created
for eachpoint wherethreeVoronoi regionsmeet.Thethree
triangleverticesareindeedthethreeVoronoiseeds.We can
easilyimitatethisschemeby loopingover theoriginalmesh
vertices,andcreateonetrianglefor eachvertex lying on the
boundaryof threedifferentclusters.Again, in analogywith
a DelaunayTriangulationConstruction(DTC), degenerate
situationssometimesarise.For DTC, ambiguouscasesex-
ist whenfour differentVoronoiseedsareisocyclic, implying
that four Voronoi regionsmeetat onesinglepoint. As we
operateon the discretesetof the original meshcells, these
caseshappenmore frequentlythan in the continuouscase
of DTC. But resolvingthesedegeneratecasesis easy, asfor
a vertex lying on theboundaryof four differentclusters,we

Figure 3: Constructionof thetriangulationanddegenerate
cases.Left: Diagram; right : associatedtriangulation.one
of thetwo markedoriginal meshverticesis adjacentto four
different clusters, resultingin the creationof two triangles
insteadof one.

createtwo trianglesinsteadof one.Moregenerally, if n clus-
tersmeetat onesinglevertex, thenwe createn� 2 triangles
(in practice,thehighestencounteredvaluefor n was5). Fig-
ure6.2showsanexampleof triangulation(right) constructed
from theresultof our clusteringalgorithm(left). Oneof the
two taggedverticesis adjacentto threedifferentclusters,re-
sulting in the creationof a single triangle,while the other
vertex is adjacentto four clusters.In this case,two triangles
arecreated.We canclearlyseethat this degenerateencoun-
teredcasedoesnotpenalizetheconstructedmeshquality.

6.3. Topologysimpli�cation

As we usea clusteringapproachfor meshcoarsening,the
resultingmeshcanbe topologicallysimplerthanthe origi-
nalmesh.Thishappenswhenagivenhandleor holeis small
comparedto theresamplingstep.Moreover, �attening hap-
pensin relatively thin connectedregionsof the mesh.This
resultsin a triangulationwhich may not be manifold. To
solve this problem,we do not createthetrianglesappearing
twice,andwe �ip someedgesof thetriangulation.

7. Results

Figure4 showsaresultobtainedonaspherewith 160kfaces,
resampledto ameshwith 500vertices.Theleft imageshows
the processedclusteringof the original mesh.This original
meshis very irregular : a vertex on the centerof the pic-
ture hasits valenceequalto 150. Despitethis degenerated
situation,theclusteringremainsregularandtheresultingtri-
angulationon theright is veryuniform.

We have tried our approachon a large set of reference
mesheshaving up to severalhundredthousandsof vertices.
Figure 5 shows the resultsobtainedwhen coarseningthe
StanfordBunny to ameshwith 300vertices.Figure6 shows
several coarsenedversionsof the original Happy Buddha
model.The numberof verticesfor thesemodelsis respec-
tively (from left to right) 2k, 5k, 10k and15k. Clearly, the
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Figure4: Samplinga triangulatedsphere: theproposedap-
proach constructsuniformclusters (left), resultingin a very
uniformcoarsenedsphere (right).

constructedmesheshave uniform sampling.The topology
of themodelwasalso�ltered by ourschemeasexpected,as
theoriginal modelhasgenus104andthecoarsenedmodels
have theirgenusreducedbellow 10.

Figure7 showsthecoarsenedmodelsof theDragon,Golf
Club, Hip, PhoneandDavid. Theseoutputmesheshave re-
spectively 20k,5k, 20k,2k and20kvertices.

Figure 8 shows the resultsof our approachon the Max
Planckmodel(top). This model is interesting,asthereis a
'V' shapeconnectivity watermarkon the nose.Clearly, the
effectof thiswatermarkontheresultsis notvisuallypercep-
tible,andtheconstructedmeshremainsregularin thisregion
(bottom).

Table 1 shows resultsobtainedfor all the modelspre-
sentedin this paper. The �rst columnis thenumberof ver-
tices of the original mesh.The secondone is the number
of verticesof the coarsenedmesh.We computedtwo dif-
ferentobjective criteria to measurethequality of theoutput
meshes.One is basedon the anglesof the resultingtrian-
gles (the minimal angle \ min, the averageminimal angle
\ av, and the percentageof angleswhich are lessthan 30
degrees\ < 30o) and the secondone is basedon the tri-
anglesshape(minimal quality Qmin, averagequality Qav,
which rangesbetween0 and1, asde�ned in [FB97]). Both
criteria show that our algorithmoutputsmesheswith high
quality, whicharesuitablefor �nite elementsanalysis,asan
example.The table also shows the Hausdorff distance(in
percentageof themeshboundingboxdiagonal)betweenthe
original model and the coarsenedone, measuredwith the
Metro tool[CRS98]. For the large input models,the Haus-
dorff distanceremainsbelow 1% and is thereforenegligi-
ble,exceptfor coarsenedmodelswith very few vertices(the
Happy Buddhawith 2000and5000vertices).Theprocess-
ing times were measuredon a 450Mhz PC with 512 MB
RAM andshow thatouralgorithmcanrunatinteractiverates
on high-endcomputers.Note that the proposedapproach
aimsatcreatinguniformtriangulations,sostateof theartap-
proximationalgorithmsmayproducebettermeshesin terms
of approximationquality.

Figure 5: Processingthe Stanford Bunny. Top : approxi-
matedCentroidal VoronoiDiagram.Bottom:triangulation.

8. Conclusionand perspectives

We proposedin this papera fastan ef�cient algorithmfor
uniformmeshcoarsening,whichcanbeusedfor largemod-
els.Objectivecriteriashow thattheoutputmesheshavegood
properties.The strengthof our approachis that it removes
handlesthataresmallcomparedto theresamplingstep(and
canthenbeconsideredastopologicalnoise),andis therefore
insensitiveto mesheswith degeneratedtopologies.Many ap-
plicationscanderive from our meshconstruction.As anex-
ample,it canbe usedasa basedomainfor multiresolution
remeshing,in spirit with [PC03]. Furtherwork will address
the processingof mesheswith sharpfeatures,and prelim-
inary studiesshowed that our clusteringapproachcan be
improved in orderto have an anisotropicand/orcurvature-
adaptedbehavior. This would lead us to new approaches
of polygonalremeshingfor large meshes,which elements
wouldbelocally adaptedto theoriginal surface.
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Model #v #v2 \ min \ av \ < 30o Qmin Qav time Hausdorff dist.
(original) (coarsened) (deg) (deg) (%) (s) (% of BBox diag.)

Buddha 543k 2k 23.0 50.4 0.05 0.39 0.88 275 1.83

Buddha 543k 5k 20.3 50.0 0.03 0.37 0.88 226 1.11

Buddha 543k 10k 8.8 49.3 0.09 0.15 0.87 349 0.86

Buddha 543k 15k 15.6 48.4 0.22 0.29 0.85 439 0.84

Hip 530k 20k 26.1 49.3 0.01 0.44 0.87 595 0.26

David 507k 20k 14.6 48.5 0.10 0.22 0.86 337 0.18

Dragon 437k 20k 12.2 47.6 0.25 0.25 0.84 230 0.89

Golf Club 209k 5k 24.2 50.7 0.02 0.40 0.88 86 0.63

Phone 83k 2k 32.6 50.9 0 0.57 0.89 25 1.37

Sphere 79k 500 37.2 52.9 0 0.59 0.91 49 0.2

Bunny 70k 300 35.5 50.8 0 0.62 0.89 28 4.40

MaxPlanck 23k 1500 16.9 47.3 0.24 0.29 0.84 7 1.68

Table1: Resultsobtainedona 450MhzPCfor several referencemeshes.

Figure6: Several coarsenedversionsof theHappyBuddhamodel,with respectively2k,5k,10kand15kvertices.
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Figure7: Resultsona setof referencemeshes.

References

[ACSD� 03] ALLIEZ P., COHEN-STEINER D., DEVILLERS

O., LEVY B., DESBRUN M.: Anisotropic
polygonal remeshing. ACM Transactionson
Graphics.Specialissuefor SIGGRAPHcon-
ference(2003),485–493.

[AdVDI03] ALLIEZ P., DE VERDIÈRE É. C., DEVILLERS

O., ISENBURG M.: Isotropicsurfaceremesh-
ing. In Proceedingsof ShapeModelingInter-
national(2003),pp.49–58.

[AMD02] ALLIEZ P., MEYER M., DESBRUN M.: In-
teractive GeometryRemeshing. ACM Trans-
actions on Graphics. Special issue for SIG-
GRAPHconference21(3)(2002),347–354.

[CRS98] CIGNONI P., ROCCHINI C., SCOPIGNO R.:
Metro:Measuringerroronsimpli�ed surfaces.

ComputerGraphicsForum17, 2 (1998),167–
174.

[DFG99] DU Q., FABER V., GUNZBURGER M.: Cen-
troidal voronoi tesselations:applicationsand
algorithms.SIAMReview, 41(4)(1999).

[DHI92] DELINGETTE H., HEBERT M., IKEUCHI K.:
Shaperepresentationandimagesegmentation
usingdeformablesurfaces. Image and Vision
Computing10(3)(April 1992),132–144.

[EDD� 95] ECK M., DEROSE T., DUCHAMP T., HOPPE

H., LOUNSBERY M., STUETZLE W.: Mul-
tiresolutionanalysisof arbitrarymeshes.Com-
puter Graphics29, Annual ConferenceSeries
(1995),173–182.

[FB97] FREY P., BOROUCHAKI H.: Surface mesh

c
 TheEurographicsAssociationandBlackwellPublishing2004.



Valette& Chassery/ ApproximatedCentroidal VoronoiDiagrams

Figure 8: Exampleon the Max Planck model.Top: entire
mesh,bottom:closeupview of thenose, where a 'V' shaped
connectivitywatermarkhasbeenplaced.Left : clustering,
right : the resultingtriangulation was not affectedby the
mark.

evaluation. In 6th International Meshing
Roundtable(1997),pp.363–374.

[GGH02] GU X., GORTLER S., HOPPE H.: Geome-
try images.ACM SIGGRAPHConferencePro-
ceedings(2002),355–361.

[GH97] GARLAND M., HECKBERT P. S.: Surfacesim-
pli�cation usingquadricerror metrics. Com-
puter Graphics31, Annual ConferenceSeries
(1997),209–216.

[HG97] HECKBERT P. S., GARLAND M.: Survey
of polygonalsurfacesimpli�cation algorithms.
SIGGRAPH97coursesnotes(1997).

[Hop96] HOPPE H.: Progressive meshes. Com-
puter Graphics30, Annual ConferenceSeries
(1996),99–108.

[ILGS03] ISENBURG M., L INDSTROM P., GUMHOLD

S., SNOEYINK J.: Large meshsimpli�cation
usingprocessingsequences.In IEEE Visual-
izationconferenceproceedings(2003).

[Llo82] LLOYD S. P.: Leastsquaresquantizationin
pcm. IEEE Trans. Inform. Theory 28 (Mar.
1982),129–137.

[LRM � 98] LÖTJÖNEN J., REISSMAN P.-J., MAGNIN

I . E., NENONEN J., KATILA T.: A trian-
gulation methodof an arbitrary point set for

biomagneticproblems. IEEE Transactionson
Magnetics34, 4 (1998),2228–2233.

[LSS� 98] LEE A. W. F., SWELDENS W., SCHRÖDER

P., COWSAR L., DOBKIN D.: Maps: Mul-
tiresolutionadaptive parameterizationof sur-
faces.ACM SIGGRAPHConferenceProceed-
ings(1998),95–104.

[MTT97] M ILLER G. L., TALMOR D., TENG S. H.:
Optimal good-aspect-ratiocoarseningfor un-
structuredmeshes. In Proceedingsof the
EighthAnnualACM-SIAMSymposiumonDis-
creteAlgorithms(1997).

[NT03] NOORUDDIN F., TURK G.: Simpli�cation and
repair of polygonal modelsusing volumetric
techniques. IEEE Transactionson Visualiza-
tion and ComputerGraphics9, 2 (April-June
2003),191–205.

[PC03] PEYRÉ G., COHEN L.: Geodesicremeshing
usingfront propagation. In IEEE workshopon
Variational, GeometricandLevel SetMethods
in ComputerVision (2003).

[RB93] ROSSIGNAC J., BORREL P.: Multi-resolution
3d approximations for rendering complex
scenes. In GeometricModeling in Computer
Graphics(1993),SpringerVerlagB. F., Kunii
T., (Eds.),pp.455–465.

[SAG03] SURAZHSKY V., ALLIEZ P., GOTSMAN C.:
Isotropicremeshingof surfaces:a localparam-
eterizationapproach. In Proceedingsof 12th
InternationalMeshingRoundtable(2003).

[SG03] SURAZHSKY V., GOTSMAN C.: Explicit
surface remeshing. In Proceedingsof the
ACM/Eurographics Symposiumon Geometry
Processing(June2003).

[SSG03] SIFRI O., SHEFFER A., GOTSMAN C.:
Geodesic-basedsurfaceremeshing. In Inter-
nationalMeshingRoundtable(2003).

[Tur92] TURK G.: Re-tiling polygonalsurfaces.Com-
puterGraphics26, 2 (1992),55–64.

[VP04] VALETTE S., PROST R.: Wavelet-based
multiresolution analysis of irregular surface
meshes. IEEE Transactionson Visualization
ansComputerGraphics10, 2 (2004),113–122.

[WK03] WU J., KOBBELT L.: A streamalgorithmfor
the decimationof massive meshes.Graphics
InterfaceProceedings(2003),185–192.

c
 TheEurographicsAssociationandBlackwellPublishing2004.


