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Abstract

e presenta novel clusteringalgorithmfor polygonalmeshesvhich approximatesa Centioidal Voronoi Diagram
construction.The clusteringprovidesan efcient way to constructuniform tessellationsand therefore leadsto
uniform coarseningof polygonalmesheswhenthe outputtriangulation hasmanyfewer elementghan the input
meshThemeshtopolagy is alsosimpli ed by the clusteringalgorithm.Basedon a mathematicaframevork, our
algorithmis easyto implementandhaslow memoryrequirments\We demonstate the ef ciency of the proposed
schemeby processingseveral refelencemeshe$avingupto 1 million trianglesandvery high genuswithin a few

minuteson a low-endcomputer

1. Intr oduction

3D meshesare usedin a vastmajority of 3D applications
suchas ComputerAided Design,Medical Imaging, Virtual
Reality and Video Games.3D modelsare constructedby
designerspr canbe generatecautomaticallyfrom real ob-
jects using 3D scannersNowadays,the modelscan have
up to severalmillion or evenbillion elementqvertices)and
sometimemeeda preprocessingtepto matcha given ap-
plicationrequirementsThe processingtepsometimeson-
sistsin reducingthe compleity of the mesh(in termsof
numberof elementstopologyor smoothnessfo accelerate
renderingor transmissionincreasingts elementaspecta-
tio (for accuratenite elementsanalysis),or remeshingto
meetagivenconnectity constraint) As aconsequenceu-
tomaticor semi-automatigeometryprocessindgpecomesn-
creasinglyimportantfor interactionsbetweenvariousappli-
cationsWe proposeén thispaperanovel surfacemeshcoars-
eningalgorithm, which resampleghe surfaceto a uniform
meshwith mary fewer elementghantheoriginal mesh.Our
approachs basedn a clusteringof the original meshcells,
mimicking a CentroidalVoronoi Diagram(CVD) construc-
tion, which is theoreticallythe optimal strateyy for resam-
pling [DFG99. The compleity of our algorithm (in terms
of calculationsand memoryrequirementsj)s low, allowing
the processin®f large meshesasshown in the resultssec-
tion, whereprocessingneshesvith upto 1 million triangles
takesonly few minuteson alow-enddesktopcomputer
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2. Previous Work

Coarseninga meshconsistsin resamplingthe original sur
facewith alowernumberof vertices Thenumberof existing
approachefor meshresamplings very high. For simplicity,
we cansplit the existing approache threecateyories:re-
nement, decimation,or direct approacheswhich will be
describednoreprecisely dueto promisingrecentadvances.

Re nementapproache$EDD 95, DHI92, LSS 98], ap-
proximatethe original 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 are constructed
by meansof elementarysimpli cations (edgecollapseor
facememge, as an example),until the approximationerror
reachesa userde ned maximum.A suney of coarsening
approachets madein [HG97].

In opposition to the rst two cateories, direct ap-
proaches (or remeshing approaches)compute a mesh
with a given number of elementsor approximationer-
ror budgetin a single resolutionway. Some approaches
remesh the original surface in a global parametric
space[AMDO02, AdVDIO3, ACSD 03,GGHO0Z They pro-
vide good results, but are limited in practice by the
parametrizatiorstep,involving heary calculationsand nu-
merical instability. To overcometheseproblems,someap-
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proaches[SAG03 SGO03] were proposed,involving local

parametrizatiorand optimization of the remeshedmnodel.
Otherworks [LRM 98, Tur92] distribute new verticesdi-

rectly on the original surface mesh,to build a new tessel-
lation which canbefurtheroptimized.

In [PC03 and[SSGO03 theauthorgproposeo remestthe
modelusinggeodesidistancesthenew verticesarecreated
usinggeodesidront propagtion. Note thatthe verticesdis-
tribution canalsobe adaptedo local curvature.

Note that remeshingapproachesllow the construction
of mesheswith asmary verticesas wanted.Indeed,mesh
coarsenings not the main goal of remeshingapproaches,
asthey permitotherimprovement(in termsof trianglesas-
pectratio) andshapeadaptedemeshinde.g.adaptiorof the
samplingaccordingo thelocal curvature).

In [NTO3], Nooruddinand Turk proposeto simplify the
meshtopologyby a volumetricapproachthe meshis con-
vertedto a volumetricrepresentatioifvoxels) which topol-
ogyis simpli ed by meansf morphologicabperationsAf-
terwards,the volumeis re-corvertedto a polygonalmodel
whichis furthersimpli ed.

We canalsomentionout-of-coreapproachefor coarsen-
ing [ILGS03, WKO03], usedfor largemodelswhichdonot t
entirelyinsidethe computeRAM.

3. Our Approach

In this paper we proposean algorithm for meshcoarsen-
ing, which producesuniform triangulations.We only deal
with triangularinput meshesbut the extensionto the polyg-
onalcaseis straightforvard. Our approacttanbeappliedto
manifold mesheswith ary genusandary numberof holes.
The rst stepis a clusteringof themeshcells(triangles)into
anapproximationof a CentroidalMoronoi Diagram(CVD),
which is the main contribution of this paper The cluster
ing is basedon an enegy minimizationstepand a validity
checkingstep.

The secondstepconsistsin replacingeachclusterby a
singlevertex, andconstructinghetriangulationaccordingo
theclustersadjaceng relations We assuméhatthesubsam-
pling factorof the coarsenings high i.e. theratio between
thenumberof original verticesandthenumberof verticesof
the resultingmeshis high. In this paper we displayresults
with meshesvhich numberof verticesis at leastdivided by
20. Thosehigh subsamplingatiosenableusto formalizea
new clusteringapproachnoticingthatevenif theinput sur
faceis a discreteset(the union of several polygons),it can
be seemasa continuousspaceastheinput polygonswill be
small comparedo the outputones.Note that our approach
simultaneoushsimpli es the meshgeometryandits topol-
ogy, andthus can be seenas a topologicaland geometric

lter .

4. TechnicalBackground

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

4.1. Voronoi Diagrams

Given anopensetW of R®, andn differentsites(or seeds)
Zi=o0:1::n 1, theVoronoiDiagramcanbede ned asn dis-
tinct regionsV, suchthat:

Vi = fw2 Wd(w,z) < d(w;zj)j= 0;1;:::;n 1;j6 ig
1)

whered is afunctionof distanceThesediagramsarewell
known in theliterature.The dual of a VVoronoi Diagramis a
Delaunaytriangulation which hasthe propertythatthe out-
circle of every triangledoesnot containary othersite.

4.2. Centroidal Voronoi Diagrams

A CentroidalVoronoiDiagramis a VoronoiDiagramwhere
eachVoronoisite z is alsothe masscentroidof its Voronoi
Region:

R
, Xr (X)dx

R )

v (X)dx

wherer (x) is adensityfunctionof V,

Moreover, Centroidal Voronoi Diagrams minimize the
Enegy givenas:
n 12
E= & r(kx zkdx 3)
i=0 Vi

Constructinga CentroidalVVoronoi Diagram (CVD) can
be done using K-meansclusteringand Lloyd's relaxation
method[LIo82], asan example.CVDs have intrinsic prop-
erties which male them optimal for a wide range of
applications[DFG9P becausethey optimize the compact-
nessof the createdvoronoiRegions(seeequation3.

We presenterea novel approacho approximatea Cen-
troidal Voronoi Diagram,basedon the global minimization
of theenegy termE de ned in equation3, but which com-
putationinvolves only local queries,andis thereforevery
fast.

5. Our clustering algorithm
5.1. Simplifying the energy term

Our augorithmis basedon the constructionof a clustering
which minimizesequation3. We wantto constructa CVD
onadiscreteset:a polygonalmeshM. We rst considerthat
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thismeshM is planar(all verticesarecoplanar) Now we re-
strict the boundarie®f eachVoronoiRegionV; to bea sub-
setof the edgesof M. As a consequence Voronoiregion
is theunionof severalmeshcells (trianglesor polygons)C;.
Note that with suchrestriction,the regionsV; areno more
\Voronoiregionsin thestrict sensewhichis the rst approx-
imationwe male: eachregionV; is theunionof severalcells
Cj, andacell Cj is a partof oneandonly one region V.
Constructingsuchdiagramcomesnow asa clusteringprob-
lem: we wantto mewge the cells Cj of the meshM into n
clusters(which look like Voronoi regions)V;, eachcluster
having only 1 connectedcomponent.

We cannow rewrite E by introducingthe meshcellsC;:
1
r10 l o Z .
E=a a
i=0 c;2v; Gi

r(Okx  zk2dx 4

we now chooser (x) to be uniform. As a consequence,
c r (x)dx = areaCj). Herecomesour secondapproxima-
tiononE: we @pproximateacmell Cj by asinglepoint: its

- xdx

centroidg; = % with aweightr ; = area(Cj). Equation
Cj

4 now becomes

n 1
E=3& 4 rikg ak’ ®)
i=0 Cj2V;

As ourgoalis to build theCVD, we haveto nd whereto
placethe Voronoi Sitesz of eachregion V;. We know that
for a given CVD, eachsite z equalsto the centroidof V.
With our assumptionsthe centroidg of eachclusterV; can
be easilycomputedas:
dci2v "9

(6)

<

éqz“rj

We now substitutez; in equation5 by g, to obtaina nev

Enegy F:
!

4 rikg gk° @)
=0 G2V

1

ﬂ
I
o~

At this point, F only depend®n the choserclusteringof
the original mesh,which is very interestingaswe no more
needto explicitly computethe positionof the Voronoisites.
We only facea global varianceminimization problem for
eachregionV;, which we solve in thefollowing section.

5.2. Energy minimization

By combiningequations and6 we obtain:
0

n 1
F= &4 B8 rikgk
i=0 G2V,

51

ac2vi g @®

Eolcjz\AFj
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Figure 1: Thethreecasesof enegy computatiorfor a given
edee:(a) initial con guration (Cm 2 Vi, Ch 2 V); (b) W
grows (Cm 2 Vkx andCn 2 Vy); (c) Vi grows (Cm 2 V; and
Ch2 V.

We proposédo minimizethis enegy termwith aniterative
algorithm that updatesthe clustersaccordingto boundary
tests.As the boundarief the regionsV, is a subsewf the
meshedgesalocal testfor eachedgee betweertwo differ-
entclustersis processedLet us assumehata givenedgee
is ontheboundanbetweernwo clustersvi andV,. Theedge
e hastwo adjacentellsCy andCh belongingrespectiely to
Vi andV,. We hareto computethevalueof F for threecases:

Finit (theinitial con guration) : Cm belongsto Vi andCn
belongsto V.

F1 (Vk grows andV, shrinks): bothCy andCr belongto
V.

F> (Vi shrinksandV, grows): both Cyy andCh belongto
V.

Afterwards,the caseresultingin the smallestenegy F is
chosenandtheclusterscon gurationis updatedBy looping
in the boundaryedgeset(the setof edgeshetweerntwo dif-
ferentclusters) we iteratively minimize F. As F is always
positive and eachlocal modi cation reduces, the corver
genceof thealgorithmis guaranteed.

Figure 1 shaows the threecomputedenegiesfor an edge
betweenCellsCm andCn, belongingrespectiely to there-
gionsVy and\.

5.3. Ef cient implementation

For a fastand ef cient implementation,a few numberof
variableamustbekeptin memory Indeed gachtime we pro-
cessthe enepgy test,we usefor eachClusterV; the values
&cov T koik? &coy T j andac, oy, g which arestored
in threedifferentarrays,respectrely SGamma2SRhoand
SGammaThevaluesof thesearraysareupdatedteratively,
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asthe clusterscon guration changesBut for eachtest, as
the ervisagedclusteringmodi cation is local, only two of
thesethreearraysare actually needed let us assumethat
we wantto performthe enegy teston a given edgee, with
two adjacentcellsCy andChn, belongingrespectiely to the
clustersVk and\;. The evolution of the enegy F will only
dependnthecontritutionsof Vi andV; to F which sumto:
2 2

ac2v "9 dci2virig

L= a I‘jkgjk2

Ci2 (M~ M) aciav ']

)

. . S .
Moreover, in the threeenvisagedcasesVy V, will re-
main constantThen,we canomit to computethe rst term
of L1 asit will be the samein the threecasesandthe test
will only consistin calculating:
o 2 o 2
aci2vi "9 acpzaviljg
Ly = 2 2 (10)
acav'j acpavlj

ac2v fj

for eachof the threecasesWe areleft with an equation
which doesnot contains,&cjzvI r kg k2 arymore. Finally,
for fastcomputationyve only needtwo arrays:SGammand
SRhowhich are updatedas the clusteringevolves through
time.

5.4. Initialization

Section5.2 givesa way to updatea given clustercon gura-

tion, but we have to build a con guration to startwith. In-

steadof usinganothergraphpartitioning for initialization,

me slightly modify our algorithm.We now assumehatthe
numberof clustersn is chosenWe randomlypick n differ-

entcellsC; in M. Eachpicked cell is then given one dis-

tinct cluster All other cells do not belongto ary cluster

which is equivalentto associatinghemto the null cluster

The meshis now partitionedinto n+ 1 clusters: n clusters,
eachcontainingonecell, andthe null clustercontainingall

the other cells. As an example,for a triangularmesh,the
boundaryedgesetcontains3n edgesassuminghatall the
picked cells areisolated.The loop over the boundaryedge
setcannow start.For eachboundaryedgee with two adja-
centcells Cm andCn, we performa testbeforecomputing
the threeenegy casesde ned in section5.2: if one of the
two cellsbelongsto thenull cluster it is automaticallygiven
to the othercell's cluster without ary enegy computation.
The given algorithmis able to computea clusteringof M

from endto end.

5.5. Validity of the clustering

We addanadditionalconstrainto our clusteringalgorithm:
we want eachclusterto be a 1-connectedset of cells, to
malke thefurthertriangulationconstructioreasierAs a con-
sequenceyhentheenegy minimizationstepis nished, we

have to checkwhetherthis constraintis respectedWe ex-

perimentallyobsened thatthe clustershardly ever fall into

severaldisconnectegarts.In thefew encounteredasesye

solved this issueas follows : for eachclusterwith several
distinctcomponentsye nd thecomponentvith thehighest
areaandleave it unchangedSmallercomponentsre asso-
ciatedto the null clusterde ned in section5.4. Afterwards,
we restartthe enegy minimizationalgorithm. The number
of disconnectedlustersis thendrasticallyreducedandwe

can repeatthis stepuntil thereis no disconnectedluster
Thereis no guarantedhat the clusteringwill be valid af-

ter a given numberof iterations,but experimentaly after a
maximumof ve loops,the clusteringwasvalid. Furtherin-

vestigationswill addresghe theoreticalconditionsfor such
validity.

5.6. 2D examples: sampling a square

Figure2 shavs two examplesof clusteringwith our scheme
on planartriangulationsWe built two differentmeshesbhoth
with 20k vertices.For eachmesh,the verticescoordinates
are randomly chosen but with different distributions. The
verticesof the uppertriangulationare uniformly distributed
on the square while the verticesof the lower triangulation
areconcentratedn the lower sideof the squareOn theleft
sideis displayedheinitial trianglespick (randomcells),the
right sideshavs the nal clustering,which clustersaresep-
aratedby black-paintededges We canclearly seethat the
clusteringis uniform on the rst example,but the second
con gurationcontainsmoreclusterson thelower partof the
squareAs a consequenceayur clusteringis affectedby the
originalmeshsampling but this effectremainsjuitelow ex-
perimentally

5.7. Extensionto the 3D case

In all above equationsall the verticesof the original mesh
arecoplanarAs we aim at coarsenin@D mesheswe have

to extendthis framework to the3D case Theexactextension
shouldinvolve the computatiorof geodesiaistance®n the

mesh,asmadein [PC03 and[SSGO03].But this would pre-

ventusfrom usingthesimpli cationsthatleadusto equation
10.As aconsequenceaye approximatehegeodesidistance
with the Euclidiandistanceandwe canadjustour approch
by processinghreecoordinatesnsteadof two. Thisapprox-
imationintroducessomeerrorwhichis smallin at regions
but increasewith the local cunature.Oneinterestingfea-

ture of suchapproximationis thatit processes ltering of

the geometryin regionswhich containsrelatively high fre-

gueng detailsthat cannotbe representeaf ciently with a

coarsanesh.

6. Building up the triangulation

Similarly to Voronoi Diagramswhich aredual to Delaunay
triangulationsyve canbuild atriangulationby dualizationof
theconstructedliagram.
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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
coordinateof a given vertex Ve correspondingo a given
clusterV is to take the centroidg of the cluster de ned in

equationg, which is alreadycomputedduringthe clustering
step.But for corvex parts,the centroidof a given clusteris

insidethe 3D objectandoutsidefor concae parts.To elim-

inatethis effect, for eachclusterC;, we setits vertex coordi-
nategto the coordinate®f the original meshvertex whichis

theclosesto the centroidg.

6.2. Triangulation

Oncethe meshgeometry(verticescoordinates)s created,
the constructiorof its connectwity is straightforvard, simi-
larly to Delaunaytriangulationswherea triangleis created
for eachpoint wherethreeVoronoiregionsmeet.The three
triangleverticesareindeedthe threeVoronoiseedsWe can
easilyimitatethis schemeby looping over the original mesh
vertices,andcreateonetrianglefor eachvertex lying onthe
boundaryof threedifferentclusters Again, in analogywith
a DelaunayTriangulationConstruction(DTC), degenerate
situationssometimesarise.For DTC, ambiguouscasesex-
istwhenfour differentVoronoiseedsreisogyclic, implying
that four Voronoi regions meetat one single point. As we
operateon the discretesetof the original meshcells, these
caseshappenmore frequentlythanin the continuouscase
of DTC. But resolvingthesedegenerateaseds easy asfor
avertex lying on the boundaryof four differentclusterswe
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Figure 3: Constructionof the triangulation and degeneiate
casesLeft: Diagram; right : associatedriangulation.one
of thetwo marked original meshverticesis adjacentto four
different clustess, resultingin the creation of two triangles
insteadof one

createwo trianglesinsteadof one.More generallyif n clus-
tersmeetat onesinglevertex, thenwe createn 2 triangles
(in practice the highestencountereaaluefor n was5b). Fig-
ure6.2shavs anexampleof triangulation(right) constructed
from theresultof our clusteringalgorithm(left). Oneof the
two taggedverticesis adjacento threedifferentclustersye-
sulting in the creationof a single triangle, while the other
vertex is adjacento four clustersin this casetwo triangles
arecreatedWe canclearly seethatthis degenerateencoun-
teredcasedoesnot penalizethe constructedneshquality.

6.3. Topologysimpli cation

As we usea clusteringapproachfor meshcoarseningthe
resultingmeshcanbe topologically simplerthanthe origi-

nalmesh.This happensvhenagivenhandleor holeis small

comparedo the resamplingstep.Moreover, attening hap-
pensin relatively thin connectedegionsof the mesh.This

resultsin a triangulationwhich may not be manifold. To

solve this problem,we do not createthe trianglesappearing
twice,andwe ip someedgef thetriangulation.

7. Results

Figure4 shavsaresultobtainedbnaspherewith 160kfaces,
resampledo ameshwith 500vertices Theleft imageshavs
the processedlusteringof the original mesh.This original
meshis very irregular : a vertex on the centerof the pic-
ture hasits valenceequalto 150. Despitethis degenerated
situation the clusteringremainsregularandtheresultingtri-
angulationon theright is very uniform.

We have tried our approachon a large set of reference
mesheshaving up to several hundredthousand®f vertices.
Figure 5 shaws the resultsobtainedwhen coarseningthe
StanfordBunry to ameshwith 300vertices.Figure6 shavs
several coarsenedrersionsof the original Happy Buddha
model. The numberof verticesfor thesemodelsis respec-
tively (from left to right) 2k, 5k, 10k and 15k. Clearly, the
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Figure4: Samplinga triangulatedsphee: theproposedap-
proach constructauniformclustes (left), resultingin a very
uniformcoarsenedsphee (right).

constructedmesheshave uniform sampling. The topology
of themodelwasalso Itered by our schemeasexpectedas
the original modelhasgenusl104 andthe coarsenednodels
have their genusreducedbellow 10.

Figure7 shavs the coarsenedhodelsof the Dragon,Golf
Club, Hip, PhoneandDavid. Theseoutputmeshedave re-
spectvely 20k, 5k, 20k, 2k and20k vertices.

Figure 8 shaws the resultsof our approachon the Max
Planckmodel (top). This modelis interesting,asthereis a
'V' shapeconnectvity watermarkon the nose.Clearly, the
effectof thiswatermarkontheresultsis notvisually percep-
tible, andtheconstructeaneshremaingegularin thisregion
(bottom).

Table 1 shavs resultsobtainedfor all the modelspre-
sentedn this paper The rst columnis the numberof ver
tices of the original mesh.The secondone is the number
of verticesof the coarsenednesh.We computedtwo dif-
ferentobjective criteriato measurehe quality of the output
meshesOneis basedon the anglesof the resultingtrian-
gles (the minimal angle\ min, the averageminimal angle
\ av, andthe percentageof angleswhich are lessthan 30
degrees\ < 30°) andthe secondoneis basedon the tri-
anglesshape(minimal quality Qmin, averagequality Qay,
which rangesbetween0 and1, asde ned in [FB97]). Both
criteria shav that our algorithm outputsmesheswith high
quality, which aresuitablefor nite elementsanalysisasan
example. The table also shavs the Hausdorf distance(in
percentagef themeshboundingbox diagonal)betweerthe
original model and the coarsenedne, measuredvith the
Metro tool[CRS98. For the large input models,the Haus-
dorff distanceremainsbelowv 1% andis thereforenegligi-
ble, exceptfor coarsenednodelswith very few vertices(the
Happy Buddhawith 2000and5000vertices).The process-
ing times were measuredn a 450Mhz PC with 512 MB
RAM andshaow thatouralgorithmcanrunatinteractverates
on high-endcomputers.Note that the proposedapproach
aimsatcreatinguniformtriangulationssostateof theartap-
proximationalgorithmsmay producebettermeshesn terms
of approximatiorguality.

Figure 5: Processingthe Stanfod Bunny Top : approxi-
matedCentoidal Voronoi Diagram.Bottom:triangulation.

8. Conclusionand perspectives

We proposedn this papera fastan ef cient algorithmfor
uniform meshcoarseningwhich canbe usedfor large mod-
els.Objective criteriashaw thattheoutputmeshefiave good
properties.The strengthof our approachis thatit removes
handleghataresmallcomparedo theresamplingstep(and
canthenbeconsideredstopologicalnoise),andis therefore
insensitve to meshesvith degeneratedopologiesMany ap-
plicationscanderive from our meshconstructionAs anex-
ample,it canbe usedasa basedomainfor multiresolution
remeshingin spirit with [PC03. Furtherwork will address
the processingof mesheswith sharpfeatures,and prelim-
inary studiesshaved that our clusteringapproachcan be
improved in orderto have an anisotropicand/orcurvature-
adaptedbehaior. This would lead us to new approaches
of polygonalremeshingfor large mesheswhich elements
would belocally adaptedo theoriginal surface.
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Model #v #v2 \min Vav )\ <30° OQmin Qav time Hausdorf dist.
(original)  (coarsened) (dey) (dey) (%) (s) (% of BBoxdiag.)

Buddha 543k 2k 23.0 504 0.05 0.39 0.88 275 1.83
Buddha 543k 5k 20.3 50.0 0.03 0.37 0.88 226 111
Buddha 543k 10k 8.8 49.3 0.09 0.15 0.87 349 0.86
Buddha 543k 15k 156 484 0.22 0.29 0.85 439 0.84
Hip 530k 20k 26.1 493 0.01 0.44 0.87 595 0.26
David 507k 20k 146 485 0.10 0.22 0.86 337 0.18
Dragon 437k 20k 122 476 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 326 50.9 0 0.57 089 25 1.37
Sphere 79k 500 37.2 529 0 059 091 49 0.2
Bunry 70k 300 35.5 50.8 0 0.62 089 28 4.40
MaxPlanck 23k 1500 16.9 473 0.24 029 084 7 1.68

Table 1: Resultobtainedon a 450MhzPC for several refeencemeshes.

Figure 6: Several coarsenedversionsof the HappyBuddhamodel,with respectively2k, 5k, 10kand 15kvertices.
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Figure 7: Resulton a setof refeencemeshes.
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