
ISOTROPIC REMESHING OF SURFACES:
A LOCAL PARAMETERIZATION APPROACH

Vitaly Surazhsky1 Pierre Alliez2 Craig Gotsman3

1Technion, vitus@cs.technion.ac.il
2INRIA Sophia-Antipolis, pierre.alliez@sophia.inria.fr

3Technion, gotsman@cs.technion.ac.il

ABSTRACT

Wepresentamethodfor isotropicremeshingof arbitrarygenussurfaces.Themethodisbasedonameshadaptationprocess,namely,
a sequenceof local modi�cations performedon a copy of theoriginal mesh,while referringto theoriginal meshgeometry. The
algorithmhasthreestages.In the�rst stagetherequirednumberor verticesaregeneratedby iterative simpli�cation or re�nement.
The secondstageperformsan initial vertex partition using an area-basedrelaxationmethod. The third stageachieves precise
isotropicvertex samplingprescribedby a givendensityfunctionon themesh.We usea modi�cation of Lloyd's relaxationmethod
to constructa weightedcentroidalVoronoitessellationof themesh.We applytheseiterationslocally on smallpatchesof themesh
thatareparameterizedinto the2D plane. This allows us to handlearbitrarycomplex mesheswith any genusandany numberof
boundaries.Theef�ciency andtheaccuracy of theremeshingprocessis achievedusingapatch-wiseparameterizationtechnique.
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1. INTRODUCTION

Mesh generationhasreceived a greatdeal of attentionby
researchersin variousareasrangingfrom computergraphics
through numerical analysis to computational geometry.
Quality meshgenerationamountsto �nding a partition of
a domainby elements—typically, trianglesor quads. The
shape,anglesor sizeof theseelementsmustmatchcertain
criteria (see [4, 5]). In most casesthe boundaryof the
domain is given, as well as an importancemap that must
bediscretized.Theproblemof surfaceremeshing, beingof
particularinterestfor reverseengineering,is differentin the
sensethat the input domainis itself discrete. The meshis
often highly irregular and non-uniform, since it generally
comesas the output of a surfacereconstructionalgorithm
appliedto apoint cloudobtainedfrom ascanningdevice.

Isotropic samplingleadsto well-shapedtriangles,andthus
high-quality mesheswhen the notion of quality is related
to the shapeof the triangles. Suchmeshesare important
for simulationswhere the quality of the mesh elements
is critical. For digital geometry processing[35], most
scannedmodelsmust undergo completeremeshingbefore
processing. Many geometryprocessingalgorithms (e.g.,
smoothing,compression)bene�t from isotropicremeshing,
combinedwith uniformor curvature-adaptedsampling.

1.1 Related Work
Parameterization-basedremeshingtechniques[2,3,15] have
bene�tedfrom recentrenewedinterestin ef�cient parameter-
izationmethodsfor surfacemeshes[7,19,23,29]. Here,the
key is to parameterizetheoriginalmeshto obtainabijective
mappingand minimize the distortion due to the �attening
process.Thesamplingandmeshingstagesarethenconsid-
erablysimpleron the(planar)parameterspace.This allows
both undersamplingandoversamplingwith a high level of
control by the user. Despitetheir recentpopularity, these
remeshingtechniques(so-called“global approaches”)have
many drawbacks:

� surfacecutting: eachpatchshouldbehomeomorphic
to a disk, therefore,closedor genus> 0 modelshave
to beeithercut alonga cut graphto extract thepolyg-
onal schema[20], or decomposedinto an atlas[23].
Finding a “smart” cut graphis not only known to be
a delicateprocedure[10,15,30], but alsointroducesa
set of arti�cial boundarycurves, associatedpairwise.
Theseboundaries,sampledasa setof curves(i.e., 1-
manifolds,while the surfacehasto be sampledas a
2-manifold),generatea visually displeasingseamtree.
Someauthorsproposeto applya localmeshadaptation



processto hide theseama posteriori[2] but this solu-
tion is not fully satisfactory. Anothersolutionto reduc-
ing the in�uence of theseam[19] consistsof comput-
ing a globally smoothparameterizationby decompos-
ing thesurfaceinto patchesandminimizing thedistor-
tion simultaneouslyacrossall patches.Although ele-
gant, the latter solutiondoesnot remove the needfor
handlingthe patchboundariesduring a global sample
partitioningprocess.

� parameterization and overlapping: insteadof con-
strainingthe userto �x the boundaryonto a predeter-
minedconvex polygon,two recentmethodsminimize
thedistortiondueto theparameterizationby letting the
solver �nd the “best” boundarywhile solving a linear
system[7,23]. Eventhoughthegain in termof distor-
tion is obvious, this approachdoesnot solve theover-
lapping issues,contraryto othermethodsthatmay in-
troduceadditionalseams[30] or generateanatlas[31].

� numerical issues: despiterecentefforts for ef�cient
computationof global parameterizations[23], the lat-
ter remainsa time-consumingprocessfor large mod-
els. Moreover, modelswith badisoperimetricproper-
ties(e.g., sock-like shapes)arenumericallyintractable
for moststate-of-the-arttechniques.

� lack of guarantees: the conformal parameteriza-
tion [7,9,23,27] hasoftenbeenthemethodof choice
for irregular surface remeshing, isotropic [2, 3] or
anisotropic [1]. Unfortunately, there exist triangu-
lations for which this parameterizationis not valid
(see[18]), evenwhentheboundaryis �x edto becon-
vex. Althoughthetriangulationcanbeenrichedby ver-
tex insertionto producea valid embedding,it is still
unclearhow many additionalverticesareneededand
what the guaranteesarewhenusinga schemewith a
free,possiblyconcave,boundary.

The main alternative to global parameterizationis known
as the meshadaptationprocess. It consistsof perform-
ing a seriesof local modi�cations directly on the mesh,
in embeddingspace.Remeshingalgorithmsusing this ap-
proach[12,13,16,17,28,36] usually involve computation-
ally expensive optimizationsin 3D. To improve ef�ciency,
Frey andBorouchaki[13] usea lessaccurateoptimization
in thetangentplane.In a subsequentwork, Frey [12] usesa
paraboloidto obtainbetterapproximation.Themainissueof
this approachis the fact that themeshverticesmustremain
on the original meshduring the adaptationprocess.Other-
wise, �delity is quickly lost becauseof erroraccumulation.
To solve this problem,thenew optimalvertex positionsare
projectedback to the original surface. Projectingthe ver-
tex involvesacomplex, computationallyexpensiveandinac-
curatecomputationthatmayeven leadto topologicalerrors
duringtheremeshingprocess.

2. MAIN CONTRIBUTIONS AND
OVERVIEW

In light of the drawbackslisted in the previous section,our
maincontribution is to combinethemeshadaptationprocess
with a set of local, overlappingparameterizations.This
allowsusto handlelargemeshesof arbitrarygenus.Another
motivationof thispaperis to formulatetheissueof isotropic
surface samplingusing the conceptof centroidalVoronoi
tessellation.Thiswayweshift from theso-calledunit length
paradigmusedfor numericalanalysis[14] to the unit cell
tiling paradigm,well suitedfor our application,i.e., sam-
pling of 2-manifolds.The�rst techniqueaimsat generating
mesheswith unit edgelength measuredin a control space
metric,while ouralgorithmaimsto partitionthesurfacewith
unit densityintegratedover thecellsof a centroidalVoronoi
tessellation.In particular, we show how the latter property
is directlyrelatedto thenotionof isotropicsurfacesampling.

Ourtechniqueusestwo meshes:oneis thepiecewisesmooth
geometricreference,whichwecall thegeometricmeshM O

(seeSection3). The secondmeshM is initialized with a
copy of theoriginal meshandevolvesduringtheremeshing
processuntil thedesiredmeshpropertiesareachieved. Our
techniquefalls into thecategoryof localadaptationmethods
since remeshingis performedby a seriesof well-known
local modi�cations: edge-�ip , edge-collapse, edge-split and
vertex relocation. The modi�cations are always applied
sequentiallyto achievedesirablemeshcharacteristics.

Thetechniquehasthreemainstages:complexity adjustment,
vertex partitioning andprecisevertex placement. The �rst
stageachievesthe requirednumberof verticesby applying
iterative meshsimpli�cation or re�nement on the evolving
mesh(seeSection4). The secondstageusesa novel area-
basedremeshingtechniqueto approximatelypartition the
verticesin accordancewith a densityfunction speci�ed on
theoriginalmesh(seeSection4). Thesecondstageperforms
a preciseisotropicplacementof theverticesby constructing
a weightedcentroidalVoronoi tessellation(seeSection5).
Section7 shows someexperimentalresultsand Section8
concludes.

3. GEOMETRIC BACKGROUND
Theinput to our remeshingschemeis a 2-manifoldtriangle
mesh M O of arbitrary genus,possibly with boundaries.
We considerM O to be a piecewise linear approximation
of a smooth surface, which is C 1-continuousexcept at
boundariesand a set of curves speci�ed by featureedges.
Thesefeatureedgescanbeprovidedby theuseror computed
automaticallyby featuredetectiontechniques[40].

Surface reconstructionrequiresnormal information at the
meshvertices. If the normalsat the meshverticesarenot
given,we usea methodsimilar to [26,28] to generatethem:
Every vertex is assigneda normalwhich is theweightedav-
erageof thenormalsof thefacesadjacentto it. Theweights



areproportionalto the anglesof the correspondingfacesat
the vertex andsumto unity. Normalsof a vertex lying on
featureedgesarenot the samewithin all its adjacentfaces.
They arealsode�ned by the weightedaverageof the face
normalsbut asif themeshwascutalongthefeatureedgesat
thevertex.

3.1 Surface Appr oximation
Similarly to [34], weperformanestimateof thesmoothsur-
face in the vicinity of a meshtriangle. This may be ob-
tainedby reconstructinganapproximationof thesurfaceus-
ing triangularcubic Bézierpatchesfor every faceof M O .
Vlachoset al. [37] presenteda simpleandef�cient, yet ro-
bustandaccurate,methodto constructsuchcurvedpatches
called PN triangles. The triangle vertex normalstogether
with vertex coordinatesare usedto constructa PN trian-
gle. PN trianglesusually (but not always)maintaina G 1-
continuoussurfacealongadjacenttriangleswhentheir com-
mon verticeshave identical normals. The normal of any
pointwithin aPNtriangleis de�nedasaquadraticinterpola-
tion of thenormalsat thetrianglevertices.AlthoughWalton
andMeek[39] presenteda morecomplex andcomputation-
ally expensivemethodto createtriangularpatchesthatguar-
anteesG 1-continuity on the patchboundaries,we usePN
trianglesasagoodtradeoff betweenaccuracy andef�ciency.
Givena point q insidea triangularfacef = (q1 ; q2 ; q3), the
correspondingpoint on the surfaceof the PN triangleof f ,
aswell asthenormalat this point, canbeuniquelyde�ned
by thebarycentriccoordinatesof q with respectto f .

3.2 Contr olling Fidelity
Our remeshingschemeperforms a seriesof local mesh
modi�cations. To ensure�delity of the new meshto the
geometryof the original mesh,two measuresare usedto
evaluatethe distancebetweenthe two meshes.Thesemea-
suresareevaluatedfor everylocalmodi�cation ontheregion
of themeshaffectedby themodi�cation. Themodi�cation
is applied only if it doesnot violate the error conditions
de�ned by the measures.The measureswe use are con-
ceptuallysimilar to thoseof Frey andBorouchaki[13] are
de�ned for a faceinsteadof anedge.Thesemeasureswere
formulatedin [34]. We brie�y describethe measuresand
discusstheiradvantages.

Let f = (v1 ; v2 ; v3) beafacewhoseerroris to beestimated.
The�rst measureEsmth capturesthedegreeof smoothness
andshouldnotexceedsomethresholdangle� smth :

Esmth (f ) = max
i 2f 1;2;3g

hN f ; N v i i < cos� smth : (1)

whereN f and N v are unit normalsof f and its vertex v,
respectively; h�; �i denotesthedotproduct.N v is takenfrom
theoriginalsurface.Intuitively, E smth describeshow well f
coincideswith tangentplanesof thesurfaceat theverticesof
f . ThesecondmeasureEdist capturesthedistancebetween
f andthesurface:

Edist (f ) = max
i 2f 1;2;3g

hN v i ; N v i +1 i < cos� dist : (2)

Vertex indices are modulo 3; � dist is a thresholdangle.
A larger value of the maximal anglebetweenthe normals
of two faceverticescorrespondsto a more curved surface
above facef , and thus, to a greaterdistance. The beauty
of thesetwo measuresis that they involve only normal
directions. In addition to their computationalef�ciency,
whenusedtogether, thesetwo measuresarealsorobustand
accurate.

4. INITIAL VERTEX PARTITION
To achieve the target mesh complexity, we apply local
re�nementor simpli�cation operations.Weperformaseries
of edge-collapseor vertex-split operationsuntil therequired
numberof verticesis achieved. Edgeswhosefaceshave
minimal/maximalerrormetricsaresimpli�ed/re�ned �rst.

Theheartof our remeshingschemeis theconstructionof the
weightedcentroidalVoronoi tessellationon the3D meshto
achieve precisevertex placement(seeSection5). However,
being optimal both in terms of sampling and isotropy,
generatingtheweightedcentroidalVoronoitessellationis an
extremely slow iterative process. This process�rst brings
the meshto the requiredsamplingprescribedby a density
function, thenthe meshisotropy is optimized. It turnsout
that the �rst stageof the processis even slower than the
secondone, in contrastto many other iterative processes.
Thereasonis thattheprocessinherentlymaintainsthelocal
isotropy during resampling. To acceleratethis processwe
�rst generatea coarse,initial samplepartition by using a
novel ef�cient area-basedrelaxationtechnique.

Alliez et al. [2] introducedan algorithm basedon error
diffusion that ef�ciently �nds a good initial sampling.
Unfortunately, this algorithm cannotguarantee�delity of
the resulting meshto the original. Featuresthat are not
speci�ed explicitly maybeeasilylost by this algorithm. In
order to guaranteethe mesh�delity of the initial sampling
weusean“area-basedremeshing”technique,which is based
on a seriesof local meshmodi�cations,while validatingthe
mesh�delity by theerrormeasuredescribedin Section3.2.

Thearea-basedremeshingtechniquewas�rst introducedby
Surazhsky andGotsman[33,34]. It is basedon the ideaof
locally equalizingtheareaof trianglesor bringingtheareas
to the ratiosspeci�ed by thedensityfunction. After this, it
remainsto achieveapreciseisotropicvertex placement.

5. PRECISE VERTEX PLACEMENT
Our goal is to isotropicallysamplea densityfunctionspeci-
�ed on theoriginal surfacemeshM O . Thereare,thus,two
terms(samplingandisotropy) to bede�ned:

� Sampling: to partition a densityfunction amonga set
of samples. The density function is de�ned over a
boundeddomain, which must be partitionedso that
we obtaina tiling, or tessellation,whereeachtile cor-
respondsto exactly one sample,without overlapping



or holes. The densitypartition must be doneso that
weobtaintheso-calledequal-massenclosingproperty,
namely, eachtile containsthesameamountof density.

� Isotropy: the shapeof eachtile is not biasedwith re-
spectto any particulardirection. In otherwords,each
cell is ascompact(i.e., as“round”) aspossible.In the
uniform casethe ideal tile is a disk, which maximizes
the compactness,but doesnot producea tiling of the
domain. The hexagonallattice betterconformswith
uniform tiling along with optimal compactness.The
non-uniformcaseleadsto a tradeoff betweencompact-
nessandpartitionof thedensityfunction.

5.1 Centr oidal Voronoi Tessellation
The initial triangulationgives us a vertex partition, which
de�nesa tiling of a2D parameterspace.Eachtriangulartile
correspondsto threesamples(the verticesof the triangle)
insteadof oneasdesired.We, therefore,usethedualof the
triangulation,i.e., the tessellationin which eachtile is now
associatedwith exactly one sample. We aim at obtaining
a special class of Voronoi tessellations, the so-called
centroidal Voronoi tessellation, with the two properties
mentionedabove, i.e., equal-massenclosingandisotropy.

Given a density function de�ned over a boundeddomain

 , a weightedcentroidalVoronoi tessellation[8] (denoted
WCVT) of 
 is a classof Voronoi tessellations,whereeach
site coincideswith the centroid(i.e., centerof mass)of its
Voronoi region. The centroidci of a Voronoi region Vi is
calculatedas:

ci =

R
V i

x� (x)dx
R

V i
� (x)dx

(3)

where� (x) is thedensityfunction. This structureturnsout
to haveasurprisinglybroadrangeof applicationsfor numer-
ical analysis,locationoptimization,optimal partition of re-
sources,cell growth, vectorquantization,etc. (see[8]). This
followsfrom themathematicalimportanceof its relationship
with theenergy function

E (z; V ) =
nX

i =1

Z

V i

� (x)jx � zi j
2dx (4)

whereV 2 
 andz 2 V . It is proven in [6] that (i) the
energy functionis minimizedat themasscentroidof agiven
region, and (ii) for a given set of centersZ = f zi g, the
energy functionE (Z; V ) is minimizedwhenV is aVoronoi
tessellation.

5.2 Building a WCVT on a 3D Mesh
Oneway to build a weightedcentroidalVoronoitessellation
is to useLloyd's relaxationmethod. The Lloyd algorithm
is a deterministic,�x ed point iteration [25]. Given a den-
sity function andan initial setof n sites,it consistsof the
following threesteps:

1. ConstructtheVoronoitessellationcorrespondingto the
n sites;

2. Computethe centroidsof the n Voronoi regionswith
respectto the densityfunction expressedin local pa-
rameterspace,andmove then sitesto their respective
centroids;

3. Repeatsteps1 and2 until satisfactoryconvergenceis
achieved.

Since a Delaunay triangulation and its corresponding
Voronoi tessellationare dual, we do not needto work ex-
plicitly with a Voronoi tessellationbut ratherwith its dual
triangulation.WeadapttheLloyd algorithmin thefollowing
manner. Insteadof constructingtheVoronoi tessellationfor
thepoint setof thecurrentmesh,we modify themeshby a
seriesof Delaunayedge�ips in orderto maintainthe local
Delaunaypropertyof the mesh. For every vertex, we then
computeits Voronoi cell in a local parametricdomain,and
move thevertex to thenew 3D locationcorrespondingto the
centroidof thecell. Wenow describethesestepsin detail.

Updating the local Delaunay property Notice that the
usualde�nition of theVoronoitessellationholdsfor a setof
sitesin Euclideanspace,i.e., in the2D planefor partitioning
a 2-manifold. As demonstratedin [21], Voronoi diagrams
canalsobe constructedin Riemannianmanifoldsfor suf�-
cientlydensesetsof points.In ouralgorithm,thecurrent3D
triangulationis the resultof a seriesof local meshadapta-
tionsperformedfor initial vertex partition. Eachlocal mesh
adaptationhasbeenperformedwhile maintaininga “local”
2D Delaunayproperty. Insteadof building a new Voronoi
tessellationat eachstepof theLloyd relaxationprocess,we
restore the local Delaunaypropertyby performinga series
of edge�ips in 3D. Thismaximizesthesmallestangleprop-
erty. This taskis performedef�ciently by updatingapriority
queuesortedby theangles.

Computing the centroid Every relaxationstepin these-
quenceof Lloyd iterationsmovesa vertex v from thenewly
generatedmeshto the centroid of its “Voronoi” cell (we
abuse the word Voronoi here, since the cell is not planar
or even convex). To proceedwe �rst needto de�ne a pla-
nar Voronoi cell for v. Denotethe verticesincident to v
as v1 ; : : : ; vk , wherek is the degreeof v. Let S(v) be a
sub-meshof M containingonly v, v1 ; : : : ; vk andfacesin-
cidentonv. Wereducetheproblemin 2D by mappingS(v)
onto the planeusinga naturalandsimplemethodapproxi-
matingthegeodesicpolarmap[32], describedby Welchand
Witkin [41] andlaterby Floater[11]. Themethodpreserves
the lengthsof edgesincident to v, and the relative angles
of S(v) at v. This methodis an ef�cient and preciseap-
proximationof aconformalmappingof S(v) ontotheplane.
Let p, p1 ; : : : ; pk be the positionsof verticesv, v1 ; : : : ; vk

within theresultingmappingSP (v). p is mappedto theorig-
inal. Thenwe constructa Voronoi cell of v in SP (v) with
respectto thecircumcentersof thetrianglesbuilt from p and
p1 ; : : : ; pk , andcomputethecentroidpnew of this cell with
respectto anapproximationof thedensityfunctionspeci�ed
over theoriginal mesh.Thelatterapproximationconsistsof



Figure 1: Left: Ordinary Voronoi tessellation of a point set sampled from some density function. Right: Point set and
its corresponding weighted centroidal Voronoi tessellation for the same density function . Each site coincides with the
center of mass of its Voronoi cell. The sample set on the right was generated by Lloyd iterations applied to the sample
set on the left.

evaluatingthedensityfunctionat thenew meshverticesand
piecewiselinearlyinterpolatingtheresultingdensityoverthe
new meshtriangles.

5.3 Vertex Relocation
Knowing the new vertex position of v (pnew ), we need
to bring it back to the original surfaceof the given mesh,
namely, to �nd the position of v denotedby x new (v) on
M O thatcorrespondsto pnew . Existingremeshingmethods,
e.g., [13,17,28] solve this problemby computingthevertex
projectionontotheoriginalsurface.As statedin Section1.1,
projecting the vertex involves an expensive and possibly
inaccuratecomputationthat may even lead to topological
errors.Wesolvethisproblemusingameshparameterization
with low distortionandguaranteeof bijectivemapping.This
waywecandeducex new (v) preciselyandef�ciently .

We now brie�y describehow to �nd x new (v) using mesh
parameterization.For every vertex of M we maintain its
exact position on the original surface using barycentric
coordinatesof the vertex within a speci�c face of M O .
Note that this givesus a uniquepoint on the reconstructed
surfacede�ned by PN trianglesover M O ; seeSection3.1.
Thecentralideain usingparameterizationto locatex new (v)
is to use barycentriccoordinatesof pnew with respectto
a face of S(v) that containsit. Using thesebarycentric
coordinatestogetherwith thebarycentriccoordinatesof the
facevertices,we locatea point in theparametricdomainof
M O . Thispoint is thenelevatedto theoriginal surface.

However, this simple schemeis only applicablewhen we
have a well-de�ned parametricdomainembeddedin the2D
plane.Sincenotall 3D meshesareisomorphicto adisk,such
a 2D parametricdomainmay not exist. To solve this prob-
lem we use a novel dynamicpatch-wiseparameterization
techniqueintroducedindependentlyby Vorsatzet al. [38]
andSurazhsky andGotsman[34]. This techniqueaims to
overcometheproblemsof globalparameterization(seeSec-
tion 1.1) and allows the handling of meshesof arbitrary
genusandboundaries.It maintainsa setof small (usually
manifold)overlappingpatchesandtheir correspondingcon-
formal parameterization.Every patchis constructedon de-
manddependingon a speci�c local modi�cation and con-
tains the region requiredto locatea new vertex position in
the2D parametricdomain.Reuseof thepatchesalreadypa-
rameterizedguaranteestheef�ciency of this techniqueboth
in termsof computationalcost and memoryconsumption.
SeeFigure2 whichdemonstrateshow this techniqueis used
for vertex relocation.

6. PRESERVING FEATURES
Notethatnearfeaturecreasesandboundaries,thecomputa-
tion of thecentroidmustbemoresophisticated.To proceed
we clip theVoronoicellswith thesetof featureedges[24].
This allows us to disconnecttwo smoothregionsseparated
by a featurecreaseduring the computationof the centroid.
It leadsto a nicesamplingquality in thevicinity of thefea-
tures,obtainedthroughthe non-symmetricbehavior of the
algorithm (the featureedgesin�uence the surfacesamples
but the surfacesamplesdo not in�uence the sampleson a



(a) (d) (e)

(b) (c) (f)

Figure 2: Vertex relocation. (a) A vertex v of the mesh
to be relocated. The faces of the sub-mesh S(v) are
dark-grey. (b) S(v) is mapped onto the plane and the
Voronoi cell of v is constructed. The new vertex loca-
tion is a weighted centroid of the cell. (c) The trian-
gle containing the new location. (d) The corresponding
triangle in the mesh M . (e) The highlighted vertices
in (d) correspond to three faces of the original mesh
M O . (d) A patch containing all these faces of M O is
constructed and then parameterized. The new location
of v in the patch is computed using the corresponding
barycentric coordinates of the 2D mapping (c).

featureedge). At the intuitive level, two samplesadjacent
in theVoronoitessellationandseparatedby a featuredo not
in�uence eachother, andthesamplescloseto a featureedge
arerepulsedby theconstraints(seeFigure3). Geometrically,
clippingacell by thesetof constraintsremovessomeregions
from thecomputationof thecentroid,makingtheLloyd re-
laxation consistentwith respectto the features. Oncethe
centroidhasbeencomputed,it remainsto relocatethevertex
v to thecentroid.

7. EXPERIMENTAL RESULTS
Thealgorithmdescribedin thispaperhasbeenimplemented
in an interactive software package. Similarly to [34], the
user can control the remeshingvia the de�nition of the
densityfunction,eitheruniform,or adaptedto thecurvature.
We also provide an option to smooththe densityfunction
andthereforeobtainasmoothermeshgradation.

We have run our techniqueon a variety of modelsof arbi-
trary genusandcomplexity. Figure4 illustratesa curvature-
adaptedremeshingof the rocker-arm model with 10,000
vertices(the sameas the original model). The tessellation
shown in the middle is drawn by tracingan edgebetween
the circumcentersof two incident triangles,every circum-
centerlocatedin thesupportplaneof thecorrespondingtri-
angle.Thegenus1 felinemodelis remeshedbothuniformly
andwith a curvature-baseddensity. The original modelof
50,000verticeswas�rst simpli�ed to 20,629verticesby lo-

without clipping
 clipping


centroid

constrained edges

Figure 3: Left: A Voronoi tessellation in parameter
space with a feature skeleton. All the cells are drawn
according to the circumcircle property. Computing the
centroid without clipping by the constraints makes the
sampling inconsistent, while the effect of clipping is to
repulse the samples from the boundary or sharp edges,
the centroid being computed on the truncated cell. A
constrained edge separating two samples thus acts as
a barrier [24] annihilating their mutual in�uence .

cal meshadaptation.The initial samplingusingarea-based
remeshingrequiredonly 8 iterations. To obtain the same
resamplingusing just the Lloyd procedurerequired45 it-
erations. Note also that every area-basediteration that re-
locateseachof the meshverticesis abouttwice as fast as
a Lloyd iteration. The polishingof the isotropy then took
15 Lloyd iterations.Theentireremeshingwasperformedin
lessthantwo minuteson a Pentium4 2.4GHzmachinewith
512MBof memory. Figure6 showsauniformremeshof the
piecewisesmoothmodelfandisk, containing5,000vertices.
Thehelmet,a genus3 model,is remeshedwith a curvature-
relateddensityfunction (seeFigure7). Figure9 illustrates
a uniform remeshingof theDavid model,partof thedigital
Michelangeloproject [22]. The irregular andnon-uniform
input meshcontains350,000vertices,while the remeshed
modelhas100,000vertices.Theinitial vertex partitionstage
runs for 5.5 minutes,and the vertex placementruns for 4
minutes.We chosethis modelfor illustratingthescalability
andtheadaptabilityof our techniqueto handlebothcomplex
modelsandarbitrarygenus.Figure8 shows a closeupof the
samemodelto emphasisthequalityof samplingobtainedby
centroidaltessellation.

8. CONCLUSION
This paperhasintroduceda techniquefor ef�cient andpre-
cise isotropic surface remeshing. Our approach�rst per-
formsef�cient samplingof themeshwith respectto a den-
sity function usingthe area-basedremeshingtechnique.A
Lloyd relaxationstagethatconstructsa weightedcentroidal
Voronoi tessellationis thendirectly appliedon the meshto
ensurepreciseisotropicplacementof the vertices. Using a
patch-wiseparameterizationtechniqueto apply a local 2D
Lloyd relaxationon the 3D meshallows us to handlecom-
plex modelswith arbitrarygenusandany numberof bound-
aries.Thus,by combiningstate-of-the-arttechniquesweare
ableto ef�ciently producehigh quality isomorphicremesh-
ings. Onelimitation of our methodis the convergencebe-



Figure 4: Left: original. Middle: centroidal tessellation. Right: curvature-adapted remeshing.

Figure 5: Left: uniform remeshing. Right: curvature-adapted remeshing.

havior of the Lloyd relaxationprocessfor preciseisotropic
vertex placement.As explainedin [8], local convergenceis
guaranteedin 2D whenthedensityfunction is log concave.
Sincein ourcasethedensityfunctionis eitheruniformwhen
requested,or a functionof thecurvature,this doesnot guar-
anteethelocalconvergencein all cases.Nevertheless,it was
not an issuein our experiments.As futurework we plan to
acceleratefurthertheLloyd relaxation.
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Figure 8: Closeup on the Digital Michelangelo David
model: original, uniform sample tiling and triangle
remesh.



Figure 9: Left: Digital Michelangelo David model (350k vertices). Right: uniform remeshing (100k vertices).


