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Abstract
Manyalgorithmsin computergraphicsimprovetheir ef�ciency byusingHierarchical SpaceSubdivisionSchemes
(HS3), such as octrees,kD-treesor BSPtrees.Such HS3 usuallyprovide an axis-alignedsubdivisionof the 3D
spaceembeddinga sceneor an object.However, thepurely volume-basedbehaviorof theseschemesoftenleads
to stronglyimbalancedsurfaceclustering. In this article, weintroducetheVS-Tree, an alternativeHS3 providing
ef�cient andaccurate surface-basedhierarchical clusteringvia a combinationof a global 3D decompositionat
coarsesubdivisionlevels,and a local 2D decompositionat �ne levelsnear the surface. First, we showhow to
ef�ciently constructVS-Treesover meshesand point-basedsurfaces,and analyzethe improvementit offers for
cluster-basedsurfacesimpli�cation methods.Thenweproposea new surfacereconstructionalgorithmbasedon
thevolume-surfaceclassi�cationof theVS-Tree. Thisnew algorithmis fasterthanstate-of-the-artreconstruction
methodsandprovidesa �nal semi-regular meshcomparableto theoutputof remeshingalgorithms.

1. Intr oduction

HierarchicalSpaceSubdivision Schemes(HS3) are ubiq-
uitousin computergraphics:simpli�cation, reconstruction,
compression,visibility, andmany otherprocessingstepsare
basedon treesto partition andstructuredatasets.The ini-
tial space,oftenanaxisalignedboundingbox,is recursively
subdivided until eachcell satis�es a given error criterion.
The root cell of the HS3 canbe eitherglobally associated
with the whole scene,or locally with eachsingle object.
Someof the most popularHS3 are octrees,kD-Treesand
axis-alignedBSP-Trees,whichareeasyto implementandto
integratein existingcomputergraphicsframeworks.

Nevertheless,in thecaseof 3D surfaces,while HS3 generate
satisfyingclusteringat coarsesubdivision levels, it is obvi-
ous that at �ner levels, when the cells comecloserto the
surface,volume-baseddecompositionleadsto imbalanced
clusteringin areaswherethesurfaceis not alignedwith the
maindirectionsof thedatastructure(seeFigure1(a)).

In this article, we proposean alternative HS3 which com-
binesa 3D schemefor the �rst levels of the tree,anda 2D
schemeassoonasthesurfacecanbeprojectedontoa plane
without folding. We call sucha treea Volume-SurfaceTree
(or VS-Tree, for short).We show thatVS-Treesachieve ef-
�cient andelegantsurface-basedpartitioningthatcanbeap-
plied to a varietyof applications,suchassurfacesimpli�ca-

tion andsurfacereconstruction. In the�rst partof thispaper,
wereview previouswork (Section2) beforeintroducingVS-
Trees(Section3) andshow how thisstructureimprovesprior
surfacesimpli�cation algorithmsbasedon hierarchical ver-
tex clustering(Section4). In the secondpart of the paper
(Section5), we describea new ef�cient surfacereconstruc-
tionalgorithmbasedonthespeci�c volume-surfacebehavior
of VS-Trees.

2. RelatedWork
Hierar chical Space Subdivision Schemes:All HS3 are
basedon a recursive subdivision of a root cell, as long as

(a) Octreeclustering (b) VS-Treeclustering

Figure1: Comparisonbetween(a) octreeclusteringand(b)
VS-Treeclustering. Thelocal 2D schemeusedby VS-Trees
producesmuch betteralignmentof clusters andreducesthe
total numberof clusterswithin a givenerror bound.
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someuser-speci�edcriterionis notsatis�edin everysubcell.
As outlinedabove,octrees,kD-TreesandBSP-Treesareby
farthemostpopularHS3. In thecaseof BSPTrees[FKN80],
the spacesubdivision is diadic, usinga simplesplit plane,
oftenchosenaxis-alignedfor thesackof ef�ciency. ThekD-
Treedatastructure[Ben75] performsorthogonalspacesep-
arationandstoresadditionaldataelementsat internalnodes.
Finally, quadtreesandoctrees[JT80,Sam89] expressthedi-
mensionof the subdivided spacedirectly in their structure:
a 1-to-4 schemefor quadtreesin 2D, anda 1-to-8 scheme
for octreesin 3D. The very simpleconstructionof the oc-
tree,aswell asits fastconvergencetoward theshapeof the
embedded3D surface,makesit verypopularwhengeometry
processingmethods,suchassurfacesimpli�cation andsur-
facereconstruction, needto bescaledtowardlargedatasets.

Simpli�cation by Clustering: The goal of simpli�cation
methodsis to reducethe resolution of an object, while
maintainingas much detail as possiblefrom the original
shape[HDD� 93, GH97, CSAD04]. Clusteringmethodsare
a particularsubsetof simpli�cation techniques,which cast
theproblemasa partitioningproblem,whereeachpartition
only keepsonesinglesamplethatminimizestheerror, in a
givenmetric[GH97,CSAD04], with theoriginalsurface.Hi-
erarchicalapproaches,suchasBSP-basedmethods[SG01]
or octree-basedmethods[SW03], provide adaptivity in the
surfacepartitioning.This adaptivity allows for moreaccu-
ratesimpli�cation of non-uniformlysampledsurfacesthan
regular grid partitioningmethods[RB93, Lin00], while re-
mainingalmostasef�cient. Suchtechniqueshaveoriginally
beendevelopedfor meshes,but they canalsobedirectlyap-
plied on point clouds,when the samplingdensity is high
enough[PGK02]. In practice,it appearsthat the quality of
themeshsimpli�ed by hierarchicalclusteringis stronglyre-
latedto thesubdivision scheme,andwe will show how the
local 2D schemeusedby VS-Treesoffersa muchmorereg-
ular sampledecimationthanthe3D schemeinducedby oc-
trees(seeSection4).

Surface Reconstruction: The surfacereconstructionprob-
lem arisesin many applicationssuchasprocessingof real-
world range scannedobjects, surface deformation,con-
versionbetweendifferent surfacerepresentations,or even
remeshing.To be as generic as possible,surface recon-
struction techniquesusually start from a samplingof the
original surfacein the form of a point cloud. Note that in
addition to its position, eachsamplemay also carry ad-
ditional information, such as normal vector, that may (or
may not) be exploited during the reconstruction.Sincethe
seminalwork of Hoppe et al. [HDD� 92, HDD� 94], vari-
oussurfacereconstructionapproacheshave beenproposed
in the literature, either basedon the Delaunaytriangula-
tion [BC00, GKS00, ACK01, DGH01], deformablemod-
els [DQ01,DYQS04], implicit surfaces[CBC� 01,TO02] or
displacedsubdivisionsurfaces[STKK99,JK02].

Recentadvancesin 3D acquisition techniqueshave dra-

matically improved the size and the density of available
point clouds. In order to managethe intrinsic computa-
tional complexity of surfacereconstructionfrom suchhuge
point clouds,hierarchicaldatastructureshave beenintro-
duced.For instance,an implicit surfacereconstructioncan
be obtainedby splitting the input point cloud with an oc-
tree,computinga separateimplicit surfacefor eachleaf of
the octree,and �nally blending togetherthe set of local
implicit surfacesby using the Partition Of Unity method.
This processhasbeensuccessfullyusedfor fastlocal poly-
nomial �tting in the Multi-Level Partition of Unity Implic-
its (MPU) [OBA� 03] as well as for Radial Basis Func-
tions [TRS04]. Unfortunately, to get an ef�cient visualiza-
tion by graphicshardware, the reconstructedimplicit sur-
face has to be converted into a mesh,which involves an
expensive tessellationstep [Blo94]. Moreover, the quality
of the resultingmeshis generallypoor and hasto be im-
provedusing,for instance,anadditionalremeshingstep,ei-
ther basedon parameterization[LSS� 98], or �tting of sub-
division surfaces[HDD� 93, EDD� 95, ZSS97, MK04]. Con-
sequently, even if thecomputationof the implicit surfaceis
ef�cient thanksto the spacesubdivision, the whole recon-
structionprocessincludingthegenerationof anhighquality
semi-regularmeshbecomesratherexpensive.

Insteadof usingacompletelyautomatedreconstructionpro-
cessthat is likely to fail in some pathologicalzonesof
an object (e.g.,undersampledareas,high curvatureareas),
we believe that the quality of surface reconstructioncan
begreatlyimprovedby usingan interactive user-controlled
process.Obviously, aiming for userinteractionimplies that
the whole processhasto be extremely ef�cient. Thus,we
proposeherea performance-orientedsurfacereconstruction
techniquethat takesfully bene�t of the volume-surfaceor-
ganizationof theVS-Tree,to generatea semi-regularmesh
of arbitrarygenusover anunorganizedpoint-cloud,dealing
bothwith noiseandnon-uniformsampling(seeSection5).

3. VS-Trees

3.1. De�nition

A VS-Treeis asurface-basedHS3. Thebasicideais to com-
bineanoctreeandasetof quadtreestodescribeadiscrete3D
surface.Duringtherecursivesplit involvedin theoctreecon-
struction,we switchto a quadtreeassoonastheareaof the
surfaceassociatedwith the currentnodeis consistentwith
a scalar-valuedfunctionover a givengroundplane(in other
words,a height �eld ). Figure2 presentsthe threedifferent
kindsof VS-Treenodes:

� Volume Nodes(V-Nodes):comparableto octreenodes.
EachV-Nodehas0 or 8 children,which canbeV-Nodes
or T-Nodes.

� Transition Nodes(T-Nodes):leavesof the3D hierarchy
which alsoarerootsof the2D hierarchies.EachT-Node
has0 or 4 childrenthatareS-Nodes.
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Figure2: VS-Treestructure.

� SurfaceNodes(S-Nodes):comparableto quadtreenodes.
EachS-Nodehas0 or 4 childrenthatareS-Nodes.

Note that eachT-Nodecarriesa local framethat is usedto
align its correspondingsub-quadtree.The union of all T-
Nodesde�nes thevolumetriclayerunderwhich it becomes
possibleto implement2D algorithms(seeFigure2); wecall
it theTransition-layeror T-layer.

VS-Treesareproposedin orderto increaseef�ciency of ge-
ometric processingusually combinedwith simple and ef-
�cient hierarchicalstructuressuch as octrees.In order to
maintaina behavior as similar as possibleto octrees,the
idealstructureshouldhave thefollowing properties:

� Purelyrecursive construction:popularhierarchicalstruc-
tureshave thestrongadvantageto beinstancedthrougha
simplerecursivecall, which is easyto implement;

� Ef�cient construction:rigid organizationof data,suchas
the 1-to-8 split of octrees,allows ef�cient traversaland
re�nementof anhierarchicalstructure;

� T-layer at low depth:switching to quadtreesas soonas
possiblereducesthememoryoverheadthanksto the2 di-
mensionalstructure,and speeds-uptraversalsand tests.
Inclusion testsfor arbitrary points are performedin 2D
usingthequadtreesplacedundertheT-layer;

� Gracefuldegradation:in the worst caseof very small or
under-sampledtopological features,suchas iso-surface
extractionfrom physical simulation,the structureshould
behavenoworsethananoctree.

3.2. Construction

Therearea largenumberof possible3D surfacedecomposi-
tionsthat leadto a collectionof 2.5Dpieces.We proposeto
usethefollowing simplerecursive constructionmethodthat
is easyto integratein existingapplicationsoftwares.

Input: Let Sbethesetof samplesde�ning theinputsurface.
Eachsamplesi of Sis de�ned by a positionpi anda normal

vectorni . For densemeshes,S canbe chosen,for instance,
as the original verticesof the mesh,or as the barycenters
of the polygons.S canalsobe a point-basedsurface,with
normalsapproximatedwith aPrincipalComponentAnalysis
(PCA) [HDD� 92,GKS00] if notavailable.

Clustering: Theconstructionof a VS-Treebeginswith the
computationof a boundingbox B of S recursively subdi-
videdwith a1-to-8octreescheme.At eachlevel, thecurrent
setof samplesSi associatedwith theboundingboxBi at that
level is classi�ed againsteachchild's boundingbox. Let k
beaheight�eld indicator, signalingwhetherSi is consistent
with a height�eld (i.e., it is 2.5Dratherthan3D). This �ag
stopsthe recursive 1-to-8 subdivision process.Whenk (Si)
is true, the currentnodeis setasa T-Node,anda local co-
ordinateframeis computed.This local framewill strongly
in�uence the �nal quality of the clustering,and must be
carefully chosen.While it is generallyimpossiblefor a hi-
erarchicalstructureto preciselyrecover all the anisotropic
featurespresentin the discretesurface,a well-alignedsub-
hierarchy can often be computedby analyzingthe under-
lying surfaceandconsideringits main directions(seeFig-
ure1 andFigure4). Thus,for constructingthis local frame,
we usea PCA on Si , but ratherthanconsideringpositions
of samples[HDD� 92,GKS00], we usetheir associatednor-
mals,a morerelevant informationwhenclusteringsurfaces
[CSAD04].

Sincewearelookingfor directions,wecanperformthePCA
in thenormalspaceof Si . Thesetof resultingeigenvectorsis
agoodapproximationof thetangentframeof thesurface.We
choosef ni ;ui ;vig asa local frame,whereni is the average

(a) (b)

(c) (d)

Figure 3: Different levelsof a VS-Tree. (a) The input dis-
crete surface. (b) The upper levels of the tree are three-
dimensional(in green).(c) Thetransitionbetween3D and
2D structure (in blue)is possibleassoonasthesurfacecan
belocally expressedasa height�eld. (d) Thelower levelsof
theVS-Treeare two-dimensional.

c
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Models Samples Octree VS-Tree Gain

Feline 49864 0:18s. 0:19s. 18%
Igea 134346 0:33s. 0:34s. 49%
Vaselion 200002 0:83s. 0:80s. 18%
Raptor 1000080 3:50s. 3:11s. 39%
XYZ dragon 3609601 11:82s. 9:88s. 52%
XYZ Statue 5000000 17:82s. 14:90s. 32%

Table 1: Computationtimeto generatetheHS3 with L2 er-
ror boundedat 10� 4. Thegain is relativeto the�nal number
of partitions.

normalof Si , while ui andvi arethenormalizedprojections
of the two eigenvectorsthat minimize the dot productwith
ni ontotheplaneP i de�ned by ni andci (thecentroidof Si).

Thesetof samplesSi associatedwith theT-NodeTi is pro-
jectedon P i . Finally, a boundingquadis computedfor Si
andis recursively subdividedwith a1-to-4quadtreescheme.
Therecursionis stoppedwhentheerror, computedover Si ,
is below a threshold.Figure3 shows the differentstepsin-
volved in this construction.Note that the T-layer becomes
independentof thediscretesurfaceresolutionwhenthesam-
pling densityis suf�cient: typically, over-tessellatingadense
meshwill not changethedepthof theT-layer.

Height �eld indicator: Evaluatingif a pieceof surfacewill
exhibit folding during a lower dimensionalprojectioncan
be doneby numericallyintegrating the curvatureover this
area.Nevertheless,sucha testis computationallyexpensive
even in the caseof regular meshes,andmorecomplicated
for non-manifoldmeshesor topology-freerepresentations
suchaspoint clouds.In order to make our approachmore
generalandef�cient, variousheuristicscanbe usedto de-
�ne the height�eld indicatork for sucha predicate.Pauly
et al. [PG01] proposea normal-conetest for allowing the
projectionof a setof surfelsusing the miniball algorithm.
Boubekeuretal. [BRS05] extendthis ideaby introducingan
additionaldisplacementthresholdto detectscanmisalign-
mentin denseacquiredpointsets.Althoughaformalproofis
notavailable,sinceit woulddependonsomeform of density
and/ortopologycriterion, this indicatork givesconvincing
resultsin practice.Sowede�ne k to betruewhen:

8 j 2 [0;ki [

(
ni j � ni > dawith da 2 [0;1] and

j( pi j � ci )�ni j
maxki (jj piki � ci jj )

< ddwith dd 2 [0;1]

whereki is the numberof samplesof the currentcell i, ni
theaveragenormalof thesurfelsin thecell, pi j andni j are
thepositionandthenormalof the j th sampleof thecell i. da
(angledeviation) anddd (displacementdeviation) areuser-
providedthresholds.In our implement,da = 0 anddd = 1=6
hasprovidedsatisfyingresultsin all our tests.Note thatby
increasingda anddecreasingdd, it becomesharderfor k to
be true,andthusthe T-layer is conservatively droppedto a
lower level of thehierarchy.

Err or metrics: As usualwith HS3, anerrormetrice hasto
be de�ned to control the recursive subdivision. A gooder-

ror function shouldbe monotonicanddecreasingwith the
size of Si . Geometricerror metricssuchas the L2 metric
usedin theQuadraticErrorFunction[GH97] or thenormal-
basedL2:1 metric [CSAD04] areusedto drive our VS-Tree
construction.More complex combinedmetrics,suchasthe
Sobolev one,mayalsobeused.In thecaseof largeobjects,
simpleapproximatedmetrics,suchasthelocaldensity, may
bechosenfor ef�ciency.

4. Clustering and Application to Simpli�cation

Balancedclustering: Figure1 illustratesthe differenceof
vertex clusteringobtainedwith anoctreeandaVS-Tree.The
volume-basedbehavior of octreedecompositionfrequently
leadsto very imbalancedclustering,mixing small clusters
(when the surfaceis locatednearthe cornerof the octree
cell) andlargeones(whenthesurfacepassesnearthecenter
of theoctreecell).Moreover, thecutsgeneratedby theoctree
cell boundariescanbeclearlyidenti�ed within theclustering
(seeFigure1(a)). VS-Treedecompositionstronglyreduces
bothartifacts,asit providesa muchbetteralignmentof the
clusterboundarieswith the embeddedsurface(seeFigure
1(b)). A very low variancecan be observed in the size of
the clusters,basicallybecausethe clusteringonly depends
on the planarity, but not on the orientation,of the surface
locally associatedwith eachT-Node.For instance,thevari-
ancein the numberof samplesper clusterhasalmostbeen
dividedby 2 betweenFigure1(a)andFigure1(b). Addition-
ally, analmostregularquad-likeclusteringcanbeobserved.
The few remainingnon-quadclustersprimarily comefrom
thevolume-baseddecompositioncreatedat thetop levelsof
theVS-Tree.

Computation ef�ciency: In additionto providing morebal-
ancedclustering,theVS-Treeis alsomoreef�cient thanthe
octreewhen computingthe HS3. Moreover the advantage
of theVS-Treeover theoctreeincreaseswith thesizeof the
inputdata,asshown onTable1. For largeobjects,a16%im-
provementcanbeobservedin thecomputationtime,aswell
asa reductionof the numberof clustersbetween18% and
52%for thesameboundederror. Thismayappearquitesur-
prisingasoctreedecompositionis generallyconsideredex-
tremelyef�cient. In fact, thespeedupobservedby VS-Tree
decompositioncomesfrom two different properties.First,
when the sizeof the input dataincreases(e.g.,very dense

Figure 4: Hierarchical meshsimpli�cation with L2 error
boundedat 2:10� 3. Left: Original object (7M triangles).
Middle: Octreesimpli�cation (1.75sec.- 62856triangles).
Right:VS-Treesimpli�cation (1.20sec.- 52024triangles).

c
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(a) (b) (c)

Figure5: Noise�ltering . (a) Inputpointcloud(137063sam-
ples).(b) Reconstructionwith VS-TreeL2 error boundedat
10� 4 (1:758 sec,125K triangles). (c) Reconstructionwith
VS-Tree L2 error boundedat 10� 3 (0:987 sec,32K trian-
gles).

meshes),mostof the datawill be representedbelow the T-
layer, andthus1-to-4splitswill bemuchmorefrequentthan
1-to-8 splits. To reacha given error threshold,the octree
is thususuallymuchdeeper, with signi�cantly moreempty
cells comparedto the correspondingVS-Tree.Second,be-
low the T-layer, all the computationsinvolved in the VS-
Treearedonein 2D. Whenthereis a largenumberof points
in thesub-hierarchy of a givenT-Node,these2D computa-
tionsmorethancompensatefor theoverheadinvolvedin the
projectionto thelocal2D frame.

Mesh simpli�cation: We have implementeda meshsimpli-
�cation algorithmsimilar to theoctreeclusteringintroduced
by SchaeferandWarren[SW03], simplyby replacingtheoc-
treewith ourVS-Tree.Hereagain,themorebalancedcluster
sizesprovidedby theVS-Treereducethemismatchof fea-
turesfor agivenerrorthreshold,without imposinganoverly
conservative meshdensity. Moreover, the local framecom-
putedindependentlyfor eachT-Noderoughly capturesthe
anisotropy of the underlyingmesh,while the octreecom-
pletely ignoresit. For instance,seethe cheekon Figure 4.
As expected,the VS-Tree introducesfewer clusteringarti-
factsin the meshtopology, andbettercapturesthe original
geometry(seeneartheeye, for instance).

5. Application to FastSurfaceReconstruction

5.1. ProblemAnalysis

Obviously, mesheshave becomethe de-facto standardfor
3D geometryprocessingandrendering.Developmentof 3D
acquisitiontechniques,whichhavebecomewidely available
in recentyears,hasdramaticallyincreasedthe needfor ro-
bustandef�cient point-to-meshsurfacereconstructiontech-
niques.Severalmandatorypropertiesfor sucha reconstruc-
tion processeshave been introducedby recentwork: (1)
dealingwith arbitrarygenus;(2)offeringintuitivede-noising
control; (3) avoiding �nal remeshingby directly providing
a semi-regular mesh;(4) providing error controlledoutput;
and,of course,(5) beingasef�cient aspossible.In this sec-
tion, we proposeto usethe advantagesof the VS-Treede-
compositionin orderto developapoint-to-meshreconstruc-
tion techniquethatful�lls these� veproperties.

Intuitively, mostof theglobaltopologicalfeaturesof thesur-

facecanberecoveredat theT-Layerof theVS-Tree.Thus,
theT-Layerhelpsusto split theprobleminto two mainsteps:
a coarsemeshM0 is generatedduring the �rst step,andre-
�ned during the secondstep,to accountfor all the details
includedin the input point cloud. This secondstepusesa
displacementprocessdrivenby thequadtreecorresponding
to eachT-Node.The following algorithm summarizesour
approach:

MeshPOINT_TO_MESH(PointSetS, �oat Threshold)
VSTreeT := buildVSTree(S);
MeshM := extractMeshAtTLayer(T);
while (error(M, S)> Threshold)do

M := re�nePN (M);
M := displace(M, T);

return M

5.2. VS-TreeBasedSurfaceReconstruction

VS-Tree construction: Globally, we follow the construc-
tion processpresentedin Section 3. Similar to Pauly et
al. [PGK02], the high frequency noisetypically presentin
scanneddata[NRDR05], is directly addressedat the point
level by simply specifying an L2 error thresholddriving
theVS-Treecreation.While moreformal noiseremoval so-
lutions exist [PG01, SFS05], this simple techniquenicely
smoothesout the noise,asshown on Figure5, andis intu-
itiveenoughto beeasilytunedby theuser.

Basemeshreconstruction:Theremainderof thealgorithm
will inherit the global topologyof M0, andin particularits
genus.Sincethegeometryof S-Nodesdoesnot changethe
global topologyof the shape,M0 is createdusingonly the
T-Layer(seeFigure6(a)). However, thesetof T-Nodescom-
posingtheT-Layercanbesparse(e.g.,largeareaswith low
curvature),which doesnot allow theuseof Delaunay-based
reconstructionsfor this base-mesh.Moreover, ideally, we
would like a watertight2-manifold,homomorphicto thein-
put point-basedsurface.This naturallyleadsus to choosea
simple implicit surfacereconstruction,by just considering
thehalf spacede�ned by theorientedframeof eachT-Node
(i.e., a linear polynomialactingasa distancefunction) and
contouringit in similar fashionto Hoppeet al. [HDD� 92].

(a) (b) (c)

Figure6: Coarsemeshgeneration.(a) Inputpointcloud(in
blue)clusteredin a VS-Tree(T-Layerin orange).(b) March-
ing cubedual contouringat the resolutionof the deepest
T-Node. (d) CoarsemeshM0 generatedby simplifying the
meshat theT-Layerlevel.

c
 TheEurographicsAssociationandBlackwellPublishing2006.



T. Boubekeur& W. Heidrich & X. Granier& C. Schlick / Volume-SurfaceTrees

Figure 7: Top: vertex insertion comparison.Bottom: VS-
Treere�nementanddisplacementin a T-Node.

However ratherthan directly contouringthis simple local-
ized distancefunction with a marchingcubealgorithm,we
ratherconstructa smoothimplicit surfaceusinga Partition
of Unity scheme.The octreestructureof the upper levels
of theVS-Treeallows consistentgenerationof overlapping
zonesthat can be usedto blend the local distancefunc-
tions, in a similar fashionas the quadricsusedby Ohtake
et al. [OBA� 03]. Themeshis thengeneratedby applyinga
Bloomenthalpolygonization[Blo94]. In orderto guarantee
that no topologicalfeatureof the VS-Treewill be missed,
we usea dual contouringgrid andset its resolutionto that
of the deepestT-Node(seeFigure6(b)). Finally, this mesh
is simpli�ed by clusteringit at theT-Layer level. This leads
to the�nal coarsemeshM0, which containsonly onevertex
for eachT-Node(seeFigure6(c)).

Mesh re�nement: The goal of this secondstageis to iter-
atively re�ne the mesh,until the geometricfeaturesof the
input point cloud are recoveredaccordingto a given error
threshold.For triangularmeshes,the approximatingsubdi-
vision schemeproposedby Loop [Loo87] is known to pro-
vide high quality meshre�nement.But in our questfor ef�-
ciency, we needto �nd a trade-off betweenspeedandqual-
ity. We have found that local subdivision basedon Curved
PN-Triangles[VPBM01] arewell suitedto our constructive
approach.This leadsus to the following ef�cient two-step
re�nementtechnique:
1. eachtriangle of the meshMi is re�ned into four sub-

trianglesand the newly insertedmid-edgeverticesare
translatedaccordingto thecubicBeziertriangularpatch
computedby thePN-Trianglescheme;

2. thesethreemid-edgeverticesaretranslatedto their �nal
position,accordingto the geometrystoredin the local
quadtree(seeFigure7).

This displacementprocedureis the stepthat bene�ts most
from thespeci�c propertiesof our VS-Treedecomposition.
Insteadof having to de�ne a smoothscalar�eld suchasin
implicit surfacereconstructionmethods,or a robust energy
functionalsuchasin dynamicmodel�tting [DYQS04], we

simply usethequadtreede�ned at eachT-Nodeto displace
the insertedverticesaccordingly. Let v denotean inserted
vertex thathasto bedisplaced.First, we �nd thehighestS-
Nodes that only containsv. Then,we selectthe leaf l ex-
hibiting thehighestlocalvariationin thequadtreebuilt ons.
Finally, we translatev towardtheaveragesamplecarriedby
l . We mark l aslocked,andwill no moreconsiderit for fu-
turedisplacementsteps:asPN-Trianglesprovideaninterpo-
latingscheme,thisvertex is now interpolateduntil theendof
there�nementloop. This simpleconstructionapproximates
the optimal displacementof v andavoids the mismatchof
high-frequency featuresthatwouldoccurif asimpleorthog-
onaldisplacementwasperformed(seeFigure7).

At eachre�nement step,the meshis maintainedhole-free
sinceweonly translateits vertices.In orderto avoid thesur-
facealiasingeffect thatcouldoccurwhenmany verticesare
projectedtoward the sameleaf, we do not displacev when
no more leaf remainsunlocked in the quadtreebuilt on s.
After eachdisplacementpass,newly insertedverticesthat
have not beendisplacedaresmoothedout accordingto the
�nal positionof neighborvertices,usinga simpletangential
smoothing.SincethePN-re�nementperformsa 1-to-4sub-
division, eachvertex v hasat leasttwo neighborsthat have
alreadybeenprocessedat a previous re�nement step,and
thushave reachedtheir �nal position.

Adaptivity to curvature variation: In the caseof point
clouds sampledfrom a surface that exhibits large varia-
tionsof curvature,onemaythink thatanadaptivere�nement
scheme[ZSS97] would allow a bettercaptureof theglobal
shape.However, both the ef�ciency of vertex insertion,as
well asthe �nal semi-regular topologyof the mesh,would
be lost by suchan adaptive re�nement.Ef�cient adaptivity
to curvaturevariationcanbeeasilyincludedin our scheme
by letting theusertunetheda anddd thresholdsusedin the
height�eld indicatork . Indeed,increasingda anddecreas-
ing dd inducesa deeperT-layer in high-curvatureareasand
thus,a larger numberof T-Nodes.Since,M0 is generated
by T-Nodeclustering,M0 is itself denser, leadingto a �nal
meshwith higherresolutionin high-curvatureareas(seeFig-
ure10(a)). Althoughthissolutionmaybreakdown for some
pathologicalcases,it remainsfar lessexpensive than,for in-
stance,the optimizationof the L¥ error [MK04]. Figure5,
8, 9 and11 shows someexamplesof surfacereconstruction
obtainedwith ouralgorithm.

(a) (b) (c)

Figure 8: Reconstructionof the ball-joint model (137062
points,1:758sec).(a) Input point set(b) Coarsemeshgen-
eratedat theT-layerof theVS-Tree. (c) Final re�ned mesh.
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5.3. Performance

Table 2 provides somereconstructiontimings for various
models.The timing presentedincludesthe VS-treedecom-
position, the coarsemeshgenerationand the meshre�ne-
mentloop.Globally, thisnew algorithmis oneorderof mag-
nitudefasterthanstate-of-the-artfastsurfacereconstruction
methods[OBA� 03,GKS00], while directlyproviding a �nal
meshwith semi-regularconnectivity without any additional
remeshingsteps.For large point clouds,the VS-Treecon-
structionbecomesthe bottleneck,sincethis is a non-linear
operation.Figure10(b) comparesthe �nal meshquality of
[OBA� 03] to ours.In our implementation,the intensive use
of pointerslimits thesizeof in-corereconstruction.We are
currentlyexploring out-of-coremethodsfor performingthe
reconstructionwith aconstantandsmallamountof memory.

Themeshquality obtainedby our techniqueis muchhigher
as the oneobtainedby applyingsomeoctree-basedtessel-
lation on a reconstructedimplicit surface(seeFigure10(b))
andapproachesthequality obtainedby meshbeauti�cation
techniques.However, they exhibit a few moreextraordinary
vertices,resultingfrom the initial clusteringat the T-Layer
level of the M0 (seeFigure 9). Nonetheless,it shouldbe
notedthat the re�nement processdoesnot generateaddi-
tional extraordinaryvertices.So, if limiting the numberof
suchverticesreally mattersfor somespeci�c application,
oneeasysolutionwould beto applymeshbeauti�cationon
the coarsemeshM0, which of courseis dramaticallyfaster
thanapplyingremeshingon the�nal densemesh.

As saidpreviously, evenif ourreconstructiontechniquegen-
erateshigh-qualitymeshesin almostevery testedexamples,
we have biasedeachspeedvs. quality tradeoff of our al-
gorithm towardscomputationef�ciency. Consequently, for
dif�cult examplesthat exhibit poorly sampledareaswith
high curvature,slower reconstructiontechniquesbasedon
implicit surfaces[OBA� 03,TRS04], usuallyoffer betterre-
coveringof thin features.

(a) (b) (c)

Figure 9: Reconstructionof theIgeamodel.(a) Input point
set. (b) Reconstructedsurface(c) Close-upon the semi-
regularmeshproducedbyouralgorithm.Note, in theredcir-
cle, thelimit of our techniquewhich propagateshigh-degree
verticesgeneratedonM0.

Models Samples Our method. MPU.
Bunny 35949 0:852s. 4:272s.
Dino 56195 1:026s. 5:010s.
Santa 75783 1:067s. 7:135s.
Igea 134346 1:813s. 6:890s.
Male 303382 2:798s. 55:008s.
Dragon 437647 5:400s. 60:176s.
Happy Buddha 543652 6:384s. 80:866s.
Youthful 1728305 20:621s. 200:527s.
XYZ Dragon 3609601 41:844s. 480:693s.
XYZ Statue 5000000 53:298s. 475:551s.

Table2: Timingfor VS-Treesurfacereconstruction(with er-
ror setto 5:10� 4) andMPU (with error setaccordingly).

6. Conclusion
Hierarchicalspacesubdivision schemesare the key ingre-
dient to make ef�cient geometricprocessingmethodsin a
largenumberof situations.In this paper, we have proposed
theVS-Tree,a surface-basedpartitioningstructurecombin-
ing anoctreewith localquadtrees.Thissimplestructureim-
provesthequalityof simpli�ed meshesgeneratedby vertex-
clustering,while maintainingsimilarcomputationtimecom-
paredto conventionaloctrees.We have alsoproposedanef-
�cient point-to-meshsurfacereconstructionalgorithmbased
on the VS-Treedatastructure.This algorithmrecovers the
global topologyof thesurfaceusingtheupperlevelsof the
VS-Tree,while local geometricfeaturesare retrieved by a
simpleandef�cient local displacementschemeinducedby
thelower levelsof theVS-Tree.

Futureresearchdirectionsincludequad-remeshingof very
largemeshes— asituationwhereparameterizationmethods
arechallenging.Wealsoplanto furtherinvestigatetheplace-
mentof expensive geometricprocessingat theT-layer level
by, for instance,remeshingit beforethere�nementprocess
in orderto betterhandlesharpfeaturesandto upperbound
thedegreeof extraordinaryvertices.Finally, we believe that
the VS-Tree has other applicationsin computergraphics.
For example,it might be possibleto useit in ray-tracing.

(a) (b)
Figure 10: (a) Adaptivityby T-Layer contraint. (b) Close-
up of the meshobtainedwhenreconstructingthe ball-joint
modelwith theMultiple Partitionof Unity (top)methodwith
our VS-Treebasedmethod(bottom).
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