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Abstract

In this paperweproposea new meshreconstructional-
gorithmthatproducesa displacedsubdivisionmeshdirectly
fromunorganizedpoints.Thedisplacedsubdivisionsurface
is a new meshrepresentationthat de�nes a detailedmesh
with a displacementmap over a smoothdomainsurface.
This meshrepresentationhas several bene�ts — compact
meshsize, piecewise regular connectivity— to overcome
limitations of irregular meshproducedby ordinary mesh
reconstructionscheme, but the original displacedsubdivi-
sionsurfacegeneration algorithmneedsan explicit polyg-
onal meshto beconverted.Our approach is producingdis-
placedsubdivisionsurfacedirectly from input pointsdur-
ing themeshreconstructionprocess.Themainideasof our
algorithm are building initial coarse control meshby the
shrink-wrappinglike projectionand sampling�ne surface
detail from unorganizedpoints along the each limit ver-
tex normal without any connectivityinformation of given
points. We employan existing subdivisionsurface�tting
schemeto generatea parametricdomainsurface, andsug-
gest a surfacedetail samplingschemethat determinesa
valid samplingtriangle which canbe madewith combina-
tions of input points. We showseveral reconstructionex-
amplesand applicationsto showthe validity of suggested
samplingtechniqueandbene�tsof theresultlikemultireso-
lution modeling.

1 Intr oduction

By the improvementof optical and mechanicaltech-
nology and the needof realistic modeling, acquiringac-
curatesurfaceinformation from a real objecthasbecome
commonplace. Such technologiesinclude laser scanner,
mechanicalprobe, and structuredlight give an output in
the form of an unorganizedpoints cloud. To be adapted
to existing computergraphicssystem,unorganizedpoints
shouldbe convertedinto a smoothsurfaceor a polygonal

mesh. Hence,there is a large literatureon meshrecon-
structionalgorithms.Meshreconstructionalgorithmgives
a dense,seamlessirregular polygonalmeshas an output.
Suchmeshesareappropriatefor expressing�ne surfacede-
tail, but thosearenotoriousfor their hugeamountof data.
So, many optimizationalgorithms— simpli�cation, mul-
tiresolution,compression,etc.— havebeendeveloped.

Displacedsubdivision surface, proposedby Lee et al.
[10], is the new meshrepresentationthat expressesa de-
tailed model asa scalardisplacementmapover a smooth
subdivision surface. This representationdramaticallyre-
ducestheamountof datasinceit requiresonlyascalarvalue
for expressinga 3D vertex. This canbethoughtasa lossy-
compressionsincedisplacedsubdivision surfaceis an ap-
proximationof theoriginalmesh,notexactthesamemesh.
Besidesthis, parameterizationand smoothnessof domain
surfaceis automaticallyde�ned by a stationarysubdivision
scheme,andthis representationcanbeconvertedeasilyinto
a bump mapto improve renderingperformance.By these
bene�ts,displacedsubdivisionsurfacecanbeusedasanew
meshstructureto overcomethe limitation of an irregular
meshproducedby existing meshreconstructionalgorithm.
But until now, the displacedsubdivision surfacecanonly
beproducedby themeshconversionprocess.It meansthat
we needa two-stepconstructionprocessto geta displaced
subdivision surfacefrom unorganizedpoints — meshre-
constructionprocessandmeshconversionprocess— in the
originaldisplacedsubdivisionsurfaceconversionpipeline.

Hence,wesuggestanew meshreconstructionalgorithm
thatproducesa displacedsubdivisionsurfacedirectly from
an unorganizedpoints. The main ideaof our algorithmis
sampling�ne surfacedetail from unorganizedpointsalong
theeachlimit vertex normaldirections,not from anexplicit
polygonalmeshthat hasconnectivity information. Deter-
minationof accurateintersectionpositionbetweenthesam-
pling ray anda virtual surfacethat is inferredby the input
pointsis the mostchallengething. Sinceour methodpro-
ducesa displacedsubdivisionsurfacedirectly from a range
of points, this canavoid post-processing— like meshre-
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Figure 1. Comparison between the process of existing displaced subdivision mesh conversion al­
gorithm (upper par t) & our method (lower par t). Our scheme simpl y produces contr ol mesh directl y
from points cloud, so we don't need ordinar y mesh reconstruction process for post­pr ocessing.

constructionprocess— in overallprocess(Fig.1).
To generateinitial controlmesh,we startfrom a bound-

ing cubeandsuccessively subdivide,smooth,andprojectit
to givenpointscloud in shrink-wrappingmanner. To cap-
ture �ne surfacedetail accurately, we have to deform the
controlmeshby thesubdivisionsurface�tting scheme[13]
to makeparametericdomainsurface�ts well to inputpoints
cloud. For eachvertex normalof domainsurface,we �nd
a properintersectingtrianglethat is a combinationof input
points. This is doneby locally and will lessencomputa-
tionalcoststhatoccurin theglobalenergy optimizationlike
themethodof Hoppeetal. [5].

The mostbene�t is the ideal underlyingmeshstructure
thatis producedby our algorithm.Outputof our algorithm
haspiecewise-regularstructurethatis createdby successive
applyingof subdivisionprocess.Sincethismeshhassubdi-
vision connectivity, we canmake multiresolutionmeshdi-
rectlywithout remeshingprocess.Largerdatasetcanbere-
constructedandmanipulatedef�ciently sincetheoutputof
ouralgorithmhasmemory-ef�cient structure.

1.1 PreviousWork

1.1.1 Meshreconstruction

There's a large literatureon 3D reconstructionfrom unor-
ganizedpoints in the computervision andgraphics�elds.
Most reconstructionschemeshave focusedon theapproxi-
mationof a smoothparametericsurfaceto given pointsor
thederivationof a zero-setof an implicit function[2]. Re-
cently, the extracting triangularmeshfrom a given set of
pointsis studied. Hoppeet al. [5, 6, 7] proposedthe arbi-
trary 3D meshreconstructionfrom unorganizedpoints.He

introducedvolume-basedreconstructionwith optimization
of energy functions.He employedmodi�ed Loop subdivi-
sionschemeto optimizeresult.Thismethodhasseveralad-
vantages— the ability to reconstructarbitrarytopological
mesh,optimalandrobustresult— but it needsmuchcom-
putation.Suzukiet al. [13] proposeda subdivision surface
�tting algorithmthatusesthe limit surfacepropertyof ap-
proximatingsubdivision scheme.He changestheshapeof
controlmeshat every level of subdivision to maximally �t
limit surfaceinto input points. This methodrequiressmall
computation,but the resultmeshlacksof �ne surfacede-
tail. Amentaet al. [1] suggestedmedial-axisandvoronoi
basedsurfacereconstructionalgorithm. It is an interpolat-
ing method— it meanstheverticeson theresultmeshare
placedononeof inputpoints.It is robustandgivesadaptive
resolution,but it requiresdelaunaytriangulationoperation
thatis somewhatexpensive.

1.1.2 Displacementmap

Recenlty, severalalgorithmsthatconvert anarbitrarymesh
into �tted smoothsurfacesanddisplacementsareproposed.
Main bene�t of this work is that thedisplacementmapcan
be easily transformedinto bump map to enhancerender-
ing process.Krishnamurthiet al. [9] proposeda methodof
smoothsurface�tting to a polygonalmesh. They manu-
ally divide the input meshinto several sections,and�t B-
splinesurfacesto them. After �tting process,they sample
�ne surfacedetailwith displacementvectors.This method
cangivegoodsmoothsurface�tting, but displacementsare
three-dimensionalvectors.Moreover, this methodneedsa
lot of manualprocessfor dividing theinputmesh.Recently,



Leeet al. [10] proposedanotherdisplacementsamplingal-
gorithmthatusesasubdivisionschemeto produceasmooth
parametricsurfaceandascalardisplacementvaluefor sam-
pling surfacedetail.

1.2 Contrib ution

This algorithmhasseveralbene�tsasfollows:

1. We suggesta new displacedsubdivision surfacegen-
erationtechniquefrom unorganizedpoints cloud di-
rectly.

2. Our method can skip irregular meshreconstruction
from pointscloud in overall processbecausewe can
sample�ne surfacedetail from points cloud directly
withouta targetmeshfor sampling.

3. We avoid a time-consumingglobal energy optimiza-
tion by employing a local subdivision surface�tting
andgeometricsamplingtechnique,sowecangenerate
a goodqualitydisplacedsubdivisionsurfacein a short
time.

1.3 Algorithm Overview

Our algorithmconsistsof threesteps.First, we make a
controlmeshfrom unorganizedpointsusinga shrinkwrap-
pingprocess.After that,wesubdividethecontrolmeshsev-
eral timesto geta parametricdomainsurfacethat is a base
meshof surfacedetailsampling.We employ a subdivision
surface�tting schemeto preventshrinkageinducedby the
subdivisionscheme.With givendomainsurface,wesample
surfacedetail from unorganizedpointsalongtheeachver-
tex normaldirection. Final resultis a coarseinitial control
meshandscalardisplacementvalues.

2 ProblemDe�nition

Let
�

bea realworld objectand �������	��
���
�
�������
��	���

be a cloud of points that is sampledfrom
�

. Thenmesh
reconstructionalgorithmis aprocessthatproducesapolyg-
onalmesh

���

from � suchthat
�������

.

2.1 Input Data

Theinput � of ouralgorithmis acloudof pointswithout
connectivity information.Thiscanbeacquiredfrom asam-
pling hardware,e.g. laserrangescanneror structuredlight
scanner. We assumethat the input pointsarealreadyreg-
isteredin a singlecoordinatorsystemandfreefrom noises.
We restrict a topology of reconstructedmesh

���

to be a
genus-0sphericaltopology.

2.2 Parametric Domain and Displacement

Parametricdomain����� � � 
!� 
 
�������
"��#�� wheredisplace-
mentsamplingis performedis de�ned asfollows:
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& is a controlmeshmadewith input points, $ is a sub-
division operator, and ' is thesubdivision level. Displace-
ment (�) is thedistancealongavertex normalof �*) between
a vertex andthe realworld object

�

that is approximated
by inputpoints � (Fig.2).
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Figure 2. Displacement sampling (2D)

2.3 MeshReconstruction

The outputof our algorithm is a displacedsubdivision
mesh. This meshconsistsof two parts; a coarsecontrol
meshanda displacementmap. Let & be a coarsecontrol
mesh, 1 be a displacementmap, and $ be a subdivision
operator. Thendisplacedsubdivision mesh

���

is acquired
asfollows.

���

��$

#2&43

1

' is thesubdivision level whenthedisplacementmap 1

wassampled.Sincesubdivision operator$ is known and
notneededto bestoredin themeshformat,weonly haveto
storea coarsemesh & anda displacementmap 1 which
is basedon scalardisplacements.This causesmemory-
ef�ciency of thedisplacedsubdivisionmeshformat.

3 Domain SurfaceGeneration

A displacedsubdivisionsurfaceconsistsof acoarsecon-
trol meshwith scalardisplacementvalues. Displacement
values are capturedfrom a parametericdomain surface
which is madeby subdivision of the coarsecontrol mesh.
In this section,we introduceour initial controlmeshgener-
ationalgorithmfrom pointscloudandthesubdivision sur-
face�tting schemethatis usedto makeparametericdomain
surface.



(a)boundingcube (b) subdividedcube (c) shrinkwrappedcube (d) aftersimpli�cation

Figure 3. Contr ol mesh generation by shrink wrapping appr oach

3.1 Control MeshGeneration

Controlmeshgenerationis thecritical processin our al-
gorithmsincea controlmeshde�nes theshapeof parame-
teric domainsurfaceand�nally it affectsthesurfacedetail
samplingquality. A controlmeshshouldbebothcoarseand
maximallyapproximatedto input points. In this paper, we
employed shrink wrappingapproachandmeshsimpli�ca-
tion to generateinitial controlmeshof givenpointscloud.

3.1.1 Shrink Wrapping Approach

The idea of shrink wrappingremeshinghasalreadybeen
given in [8]. Our approachsharesthe similar idea but is
much different from that becauseour input is just points
cloudsothatwecannotprojectit to acommonbasedomain
like a spherein [8]. The main reasonthat we call our ap-
proachshrinkwrappingis thatwe shrinka boundingcube
sothatit completelywrapsup theinput pointscloud.

First, we make a boundingcubeof given pointscloud
(Fig.3(a)). Thenwe linearly (new verticesareplacedat the
middle of eachedges)subdivide it several timesuntil we
geta properhigh resolution(Fig.3 (b)). To geta high res-
olution in this stageis importantbecauseif we have coarse
resolutionit is likely to misssomeconcave or convex re-
gion, for examplethe noseof spockmodel. To simulate
theshrinkwrappingprocess,werepeatedlyapplytwo basic
operations— projectionandsmoothingoperations.

Theprojectionoperationis applyingtheattractingforce
to eachverticesthat is a vectorbetweentheboundingcube

�

andthegivenpointscloud � . For eachvertices��) of the
boundingcube,we simply �nd a nearestpoint �*) , calculate
a attractingforcevector ����� , andapplyit backto thevertex

�
) with weight � between0.0to 1.0.
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Sincetheboundingcubeis not coarse,thereis possibil-
ity to sharethesamepoint for morethantwo cubevertices

whenthey calculateattractingforces.In thatcase,if weap-
ply wholeattractionforcesto thosevertice,severalvertices
canmeetat the samepositionby this projectionoperation
andit causesnon-manifoldregionasaresult.To avoid such
undulations,we give a weight � lessthan1.0. Experimen-
tally we chose� to 0.5.

The smoothingoperationis the relaxing of the subdi-
videdboundingcubeto acheiveuniformsampling.We em-
ploy the approximationof Laplacian � asin [14]. This is
the averagevector of 1-neighboredgevectorsof a given
vertex, and it usuallygivesshrinkageeffects. So we just
take thetangentialcomponent��� (Fig.4 left) of this Lapla-
cian � which is perpendicularto the vertex normaln. So,
the �nal tangentialLaplacian ��� of a given vertex �

) and
iterativesmoothingequationis asfollows:
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If we apply big , value (almostnear1.0), we can get
uniformly sampledmeshasanoutputbut our shrinkwrap-
ping procedurecan fail to capturebig convex or concave
regionbecausemeshcanbeshrink(there'ssomeshrinkage
even thoughwe apply tangentialmotion only) below such
importantregionandit is hardto bereachedby justproject-
ing to the nearestpoint (Fig.4 right). If we apply small ,

value,we cannotgetuniformly distributedmesh.We chose
0.2 astheproper , valueby experiments.Theexampleof
theresultof shrinkwrappingprocessis givenin Fig.3(c).

3.1.2 CoarseControl MeshGeneration

Theresultof our shrinkwrappingprocessis a high resolu-
tion approximationto thegivenpointscloud. However, we
only needa very coarsecontrol meshwhich approximates
givenpointscloud.So,wejustsimplify it with theQEM [4]
simpli�cation algorithmto geta coarseapproximation.An
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Figure 4. Tangential Laplacian (left) and 2D
example of failing of capturing convex region
(right)

exampleof the �nal coarsecontrol meshis given in Fig.3
(d).

3.2 Parameteric Domain SurfaceGeneration

This stepis to make a smoothparametericdomainsur-
facefrom a coarsecontrolmeshgeneratedby previoussec-
tions. Parametricdomainsurfaceis a basemeshfor sam-
pling �ne surfacedetail. Sinceoriginal displacedsubdivi-
sion surfacehasemployed Loop subdivision scheme[11]
to generatea smoothsurface,we follow thesamesubdivi-
sionscheme.To successfullycapture�ne surfacedetail,a
domainsurfaceand input points shouldbe closeenough.
SinceLoop subdivision inducesshrinkage,we import sub-
divisionsurface�tting scheme[13] to modify controlmesh
so that thedomainsurface�ts well to input points. In this
case,we regardinputpointsasperspective limit positionof
eachvertex of domainsurface.We slightly deformthecon-
trol mesh(Fig.5(b)) in orderto correctly�t domainsurface
to inputpointsaftersubdividing it (Fig.5(c)).

(a) (b) (c)

Figure 5. Generating a smooth parameteric
domain surface: (a) contr ol mesh with input
points, (b) deformed contr ol mesh, (c) param­
eteric domain surface �tting to input points.

By [11], we �nd a limit position ��� of eachvertex �
)

on thecurrentdomainsurface
�

. Thenwe �nd theclosest
inputpoint �

) of eachlimit position�
� . Theresultantforce
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Wecanmodify eachvertex ��) of thecontrolmeshby the
following iterativeapproximationmethod.
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Optimal valueis 0.8 by experimentsin [13]. After this
�tting process,we subdivide thecontrolmeshuntil we get
the smoothdomainsurfacethat hassimilar complexity of
input pointsby comparingthenumberof total verticesand
sendall verticesto their limit positions.

4 SurfaceDetail Sampling

In theoriginal work [10], Leeet al. seekto computethe
signeddistancefrom the limit point of eachvertex on the
domainsurfaceto theoriginal surfacealongthevertex nor-
mal. Sincethesamplingtargetis polygonalmesh,it is easy
to �nd an intersectionpoint betweenthe normal and the
original surface. But in our algorithm,we don't have any
faceor connectivity information. Hence,we �nd a proper
faceintersectingwith samplingnormalvectoramongcom-
binationsof inputpoints.

We de�ne thevalid triangle (*)�+-,
)

! asa trianglede�ned
by threeinput points, which intersectswith a given sam-
pling ray andhasminimum area. Hence,for given vertex

� ) , a displacementvalue ( ) is a distancefrom �	) to a valid
triangle(

)�+.,
)

! of thesamplingrayde�nedby thevertex nor-
mal directionof �	) . Figure6 shows the valid triangleand
properdisplacementvalue ( ) of givenparametricvertex ��) .

To getadisplacement( ) , wehaveto �nd (
)�+-,

)
! for each

parametricvertex ��) as follows. First, we �nd the three
pointsclosestto eachnormalvector. Thenwe testwhether
the normal vector intersectsthe triangle madewith these
threepointsor not. If it does,this triangleis valid triangle,
andwe calculatethesigneddistancefrom thedomainsur-
faceto this trianglealong the normal. If not, we addthe
next nearvertex andmake combinationsto generateother
triangularfacesuntil we getan intersectedface. If we get
multiple intersectedfaces,we choosethe onethat hasthe
smallestareaamongcandidatevalid triangles.The reason
we usethe smallestareaasthe standardof validity is be-
causewe want to avoid wrong triangulationasin �gure 7.
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This�gure shows2D conceptof selectingacorrectvalid tri-
angleface.In �gure 7, therearetwo possiblevalid triangles
- (a,b)and(c,d)- sincebothtriangleintersectsagivensam-
pling ray. But triangle(a,b)thathasthesmallestareais the
correctvalid triangleintuitively. This meansthat thesam-
pling processis usuallyperformedin thelocally almost�at
area- weassumethatthedomainsurfaceis closeenoughto
input points- andin that casethe smallesttrianglecanbe
theproperchoice.
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Figure 7. Select valid triangle in two possibil­
ities

Figure 8 shows the example of �nding valid triangle
( )�+.,

)
! . Black dot in this �gure is vertex normalvector �

) ,
which is assignedvertically to this paper. This papercan
be regardedasa planethat passthrougha parametricver-
tex �

) andhasa normalvectorparallel to �
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triangleamongthem.Hence,this canbea valid triangleto
sampledisplacementvalue(Fig.8(d)).
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Figure 8. Example of selecting a valid triangle

Sincethere'snoconnectivity informationof inputpoints
cloud,we employedoctreebasedspartialsearchto �nd the
nearestpoint for givenparametricvertex in F

�HG

�JI

��� com-
plexity ( � is the numberof input points). Octreeis con-
structedby subdividing intial boundingcuberecursively.

5. Results

We've implementedour algorithm on PentiumIII 866
PC with 384M-RAM. OpenGL,Visual C++, andMFC li-
brarywereused.Theresultsareshown in the�gure 10,11
at the endof this paper. Table1 shows the sizeof testing
dataandexecutiontime.

Model
Cat Spock

Input#V 5842 16386
Domain#V 6402 19202
Domain#F 12800 38400

Ctrl mesh 7 sec 1 min 6 sec
Sampling 17sec 1 min 41sec

Total 24sec 2 min 47sec

Table 1. Testing data and time



Figure 9. Example of LOD generation (level 0 � level 4)

6 Discussion

6.1 Computation time & surfacedetail

Our algorithmhasseveral bene�ts compareto existing
meshreconstructionalgorithm[5, 13]. Our algorithmre-
ducedreconstructiontime compareto global energy opti-
mizationbasedmethods.Suzukiet al. [13] suggestedthat
his methodis muchfasterthan[5] sincehecalculatedlimit
positionsonly with 1-neighborinformation and get opti-
mized result by iterative method. But his methodlacks
of surfacedetail. Our methodcanbe slower than[13] by
additionalsamplingprocess,but capture�ne surfacedetail
very well. We don't producean accurateresult like time-
consumingoptimizationmethod,but we canstill produce
a reasonableapproximatingresultin a shorttime (lessthan
several minutes). Figure12 shows the comparisonof �ne
surfacedetailbetweentheresultof Suzukietal. andours.

As you canseein the Figure12, our resultshows bet-
ter �ne surfacedetail nearthe noseandsidehair ((a), red
circles).Moreover, Suzukiet al. methodcanfail to capture
importantfeaturelike thetip of nose(Fig.12(b)) if theini-
tial control meshis not de�ned manually. Table2 shows
gaperrors[13] betweeninput rangedataandreconstructed
3D mesh.Ourmethodshowsfarbettergaperrorssinceours
cancapture�ne surfacedetailaswell asoverall shapevery
well.

Max Err or Min Err or Mean Err or
Suzukiet al. 0.123361 0.000108 0.010948
Ourmethod 0.026467 0.000131 0.007379

Table 2. Gap error comparison (spoc k model)

Ouralgorithmdoesnotproduceaccurateresultlikeopti-
mizationalgorithmof Hoppeet al. but it doesproducerea-
sonabledetailedsurfacein a shorttime. So,our algorithm
is usefulin ordinarygraphicsdatathatdoesnotrequirehigh
accuracy like CAD model.

6.2 Multir esolutionanalysis

For multiresolutionmodelingbasedonthewaveletfunc-
tion, an arbitrary meshmust be converted into a regular
structuredmesh[12]. This conversionprocessis called
remeshing[3]. Most existing remeshingschemesuse1–4
subdivisionto makearegularstructure.Sinceouralgorithm
is a samplingprocessfrom a smoothsubdivisionsurfaceto
input points,underlyingsurfacestructureis piecewisereg-
ular - this meansthe resultmeshhassubdivision connec-
tivity. So,we canapplyour resultmeshto multiresolution
analysiswithout remeshing.Figure9 showstheexampleof
multiresolutionrepresentationof our resultmesh.

Hoppeet al. & Suzukiet al. methodsalsoproducesub-
divisionmeshasa result,but Hoppeet al. adopteda subdi-
vision schemeto smoothoptimizedcontrolmesh.So,new
verticescreatedby subdivisiondonot representthesurface
detail. Suzuki et al. methodalso producesa subdivision
mesh,but his methodis a kind of surface�tting ratherthan
meshreconstruction.This methodproducesa result lacks
of �ne surfacedetailaswe mentionedearlier, sothat is not
properfor multiresolutionanalysis.

6.3 Ef�ciency of detail samplingalgorithm

In this paper, we suggesteda surfacedetailsamplingal-
gorithm from pointscloud. We searchcandidatetriangles
which arecompositionsof nearestpoints. Our methodis a
heuristicdeterminationmethodthat canbe usedinsteadof
makinglocaldelaunaytriangulationsor parametericsurface
generations.We've checkedtheef�ciency of our sampling
algorithmby thenumberof testedtriangelsfor eachvertex
to �nd avalid triangle.For catmodel,71%of verteicescan
�nd valid trianglesatjust�rst tries.21%of verticescan�nd
valid triangelsat fourth tries. Nearly 97% of verticescan
�nd valid trianglesat lessthantenthtries. This shows our
samplingmethodhasenoughef�ciency for practicaluse,
but still needmorerobustness.



6.4 Volumetric approachfor control meshgener­
ation

A shrinkwrappingapproachcombinedwith simpli�ca-
tion (chapter3.1) cangeneratethebestapproximatedcon-
trol mesheasily. It needssomeiterationsto project and
smooththeboundingcubebut all thosecalculationsarelo-
calandit canbedonein severalminutesat most.However,
ourshrinkwrappingapproachcanonly beappliedto points
cloudthatis sampledfrom amodelwhichhasspheretopol-
ogy. Moreover, even thoughthe modelhasspheretopol-
ogy, it is veryhardto generateacontrolmeshby ourshrink
wrappingapproachwhen the model has large convex re-
gion, like earsof the stanfordbunny. We think that in the
projectingstepwe cansearchthenearestpoint in thedirec-
tionof eachvertex normal.Anotherwayis usingvolumetric
methodsto recognizethetopology. We've tried a volumet-
ric methodfor sucha complex model.

We use volumetric method only for generatingvery
coarseinitial control mesh. Hence,we don't needto as-
signsigneddistancefunctionfor every vertex asin [6], but
needto make coarsecubesto generatean iso-surfaceby
marchingcubesalgorithm. Sincewe useonly large cubes
to generatecoarsecontrolmesh,computationandsimpli�-
cation for generatingiso-surfaceis not so expensive. For
bunny model,we've used16 � 16 � 16 volumedataandthe
iso-surfacecanbegeneratedin a few seconds.

7 Conclusion& Future work

In this paper, we introduceda new meshreconstruction
algorithmthatextractsadisplacedsubdivisonmeshdirectly
from unorganizedpoints. We simply constructcoarsecon-
trol meshby shrink wrapping approachand sample�ne
surfacedetail directly from input points cloud. Also we
avoid global energy minimizationandemploy local itera-
tive methodto enhancesamplingdomainsurfacequality.
The result meshhascompactrepresentationand is ready
to be appliedinto the wavelet basedmultiresolutionanal-
ysis without remeshingsince it samplesscalar-value dis-
placementandhassubdivisionconnectivity. Theunderlying
structureandsmoothnessof thedomainsurfacearesimply
de�ned by the stationarysubdivision scheme. The result
meshhaslots of applications— meshediting, animation,
rendering,etc.

Sincewe have shown the validity of sampling�ne sur-
facedetail directly from unorganizedpoints,extensionof
our algorithmfor arbitrary topologicalmodel can be eas-
ily achievedby employing topologyrealizationprocess—
for examplemedialaxistransformor volumetricapproach.
Moreover, our schemecanbe ef�ciently extendedto solve
surface�tting problemfor a modelwith known topology,

suchasmakingindividual facial model from rangepoints
usingagenericheadmodel.
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(a)Pointscloud (b) Controlmesh (c) Dispalcementsampling (d) Result

Figure 10. Reconstruction process and result (cat model)

(a)Pointscloud (b) Controlmesh (c) Displacementsampling (d) Result

Figure 11. Reconstruction process and result (spoc k model)

(a)Finesurfacedetailcomparison (b) Zoomin

Figure 12. Comparison of �ne surface detail between Suzuki et al. (left) and our method (right)


