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Abstract

In this paperwe proposea new meshreconstructioral-
gorithmthat producesa displacedsubdivisiommestdirectly
fromunormanizedooints. Thedisplacedsubdivisiorsurface
is a new meshrepresentatiorthat de nes a detailedmesh
with a displacementmap over a smoothdomainsurface
This meshrepresentationhas several bene ts — compact
meshsize pieceviseregular connectivity— to overcome
limitations of irregular meshproducedby ordinary mesh
reconstructionrscheme but the original displacedsubdivi-
sion surfacegenemtion algorithm needsan explicit polyg-
onal meshto be corverted.Our appmoacd is producingdis-
placedsubdivisionsurfacedirectly from input points dur-
ing themestreconstructiorprocess Themainideasof our
algorithm are building initial coarse control meshby the
shrink-wiapping like projectionand sampling ne surface
detail from unorganizedpoints along the ead limit ver
tex normal without any connectivityinformation of given
points. We employan existing subdivisionsurface tting
schemeto geneate a parametricdomainsurface and sug-
gesta surfacedetail samplingschemethat determinesa
valid samplingtriangle which can be madewith combina-
tions of input points. We showseveral reconstructionex-
amplesand applicationsto showthe validity of suggested
samplingtechniqueandbene tsof theresultlike multireso-
lution modeling

1 Intr oduction

By the improvementof optical and mechanicaltech-
nology and the needof realistic modeling, acquiring ac-
curatesurfaceinformationfrom a real objecthasbecome
commonplace. Such technologiesinclude laser scanner
mechanicalprobe, and structuredlight give an outputin
the form of an unomganizedpoints cloud. To be adapted
to existing computergraphicssystem,unomganizedpoints
shouldbe corvertedinto a smoothsurfaceor a polygonal
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mesh. Hence,thereis a large literature on meshrecon-
structionalgorithms. Meshreconstructioralgorithmgives
a dense,seamlessrregular polygonalmeshas an output.
Suchmeshesreappropriatdor expressingne surfacede-
tail, but thoseare notoriousfor their hugeamountof data.
So, mary optimizationalgorithms— simpli cation, mul-
tiresolution,compressionetc.— have beendeveloped.
Displacedsubdyvision surface, proposedby Lee et al.
[10Q], is the new meshrepresentatiorthat expressesa de-
tailed model as a scalardisplacementnap over a smooth
subdvision surface. This representatiordramaticallyre-
ducegheamounf datasinceit requireonly ascalawalue
for expressinga 3D vertex. This canbethoughtasalossy-
compressiorsincedisplacedsubdvision surfaceis an ap-
proximationof the original mesh not exactthe samemesh.
Besidesthis, parameterizatiomnd smoothnessf domain
surfaceis automaticallyde ned by a stationarysubdvision
schemeandthisrepresentationanbecorvertedeasilyinto
a bump mapto improve renderingperformance.By these
bene ts,displacedsubdiision surfacecanbeusedasanewn
meshstructureto overcomethe limitation of anirregular
meshproducedby existing meshreconstructioralgorithm.
But until now, the displacedsubdvision surfacecan only
be producedoy the meshcorversionprocessit meanghat
we needa two-stepconstructiorprocesdo geta displaced
subdvision surface from unomanizedpoints — meshre-
constructiorprocessandmeshcorversionprocess— in the
original displacedsubdiision surfacecorversionpipeline.
Hence we suggest new meshreconstructioralgorithm
thatproducesa displacedsubdvision surfacedirectly from
an unomanizedpoints. The mainideaof our algorithmis
sampling ne surfacedetailfrom unomganizedpointsalong
theeachlimit vertex normaldirections notfrom anexplicit
polygonalmeshthat hasconnectvity information. Deter
minationof accuraténtersectiorpositionbetweerthesam-
pling ray anda virtual surfacethatis inferredby the input
pointsis the mostchallengething. Sinceour methodpro-
ducesa displacedsubdvision surfacedirectly from arange
of points, this can avoid post-processing— like meshre-
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Figure 1. Comparison between the process of existing displaced subdivision mesh conversion al-
gorithm (upper part) & our method (lower part). Our scheme simply produces contr ol mesh directl y

from points cloud, so we don't need ordinary mesh reconstruction process for post-pr ocessing.

constructiorprocess— in overall procesgFig.1).

To generatanitial controlmesh we startfrom a bound-
ing cubeandsuccessiely subdvide, smooth,andprojectit
to given pointscloudin shrink-wrappingmanner To cap-
ture ne surfacedetail accurately we have to deformthe
controlmeshby the subdvision surface tting schemd13]
to make parameteridlomainsurface ts well to inputpoints
cloud. For eachvertex normalof domainsurface,we nd
a properintersectingrianglethatis a combinationof input
points. This is doneby locally andwill lessencomputa-
tional coststhatoccurin theglobalenegy optimizationlike
themethodof Hoppeetal. [5].

The mostbene t is the ideal underlyingmeshstructure
thatis producedy our algorithm. Outputof our algorithm
haspiecavise-rgularstructurethatis createdyy successie
applyingof subdvision processSincethis meshhassubdi-
vision connectvity, we canmake multiresolutionmeshdi-
rectly withoutremeshingrocesslLargerdatasetanbere-
constructecandmanipulatecdef ciently sincethe outputof
our algorithmhasmemory-efcient structure.

1.1 Previous Work

1.1.1 Meshreconstruction

Theres a large literatureon 3D reconstructiorfrom unor
ganizedpointsin the computervision and graphics elds.

Most reconstructiorscheme$ave focusedon the approxi-
mationof a smoothparameterisurfaceto given pointsor
the derivationof a zero-sebf animplicit function[2]. Re-
cently, the extracting triangularmeshfrom a given set of
pointsis studied. Hoppeetal. [5, 6, 7] proposedhe arbi-
trary 3D meshreconstructiorfrom unomganizedpoints. He

introducedvolume-basedeconstructiorwith optimization
of enegy functions. He employed modi ed Loop subdi-
sionschemeo optimizeresult. This methodhasseveralad-
vantages— the ability to reconstructarbitrarytopological
mesh,optimalandrobustresult— but it needsmuchcom-
putation. Suzukiet al. [13] proposeda subdvision surface
tting algorithmthatusesthe limit surfacepropertyof ap-
proximatingsubdiision scheme.He changeghe shapeof
control meshat every level of subdvision to maximally t
limit surfaceinto input points. This methodrequiressmall
computationbut the resultmeshlacksof ne surfacede-
tail. Amentaet al. [1] suggestednedial-axisand voronoi
basedsurfacereconstructioralgorithm. It is aninterpolat-
ing method— it meanghe verticeson the resultmeshare
placedononeof inputpoints.lt is robustandgivesadaptve
resolution,but it requiresdelaunaytriangulationoperation
thatis somevhatexpensve.

1.1.2 Displacementmap

Recenlty severalalgorithmsthat corvert an arbitrarymesh
into tted smoothsurfacesanddisplacementareproposed.
Main bene t of this work is thatthe displacemenmapcan
be easily transformedinto bump map to enhancerender
ing processKrishnamurthiet al. [9] proposedh methodof
smoothsurface tting to a polygonalmesh. They manu-
ally divide the input meshinto several sectionsand t B-
splinesurfacesto them. After tting processthey sample
ne surfacedetailwith displacemenvectors. This method
cangive goodsmoothsurface tting, but displacementare
three-dimensionalectors. Moreover, this methodneedsa
lot of manualprocesdor dividing theinputmesh.Recently



Leeetal. [10] proposedanotherdisplacemensamplingal-
gorithmthatusesasubdvisionschemeo producea smooth
parametricsurfaceandascalardisplacementaluefor sam-
pling surfacedetail.

1.2 Contribution

This algorithmhasseveralbene tsasfollows:

1. We suggest new displacedsubdiision surfacegen-
erationtechniquefrom unomanizedpoints cloud di-
rectly.

2. Our method can skip irregular meshreconstruction
from pointscloud in overall processbecauseve can
sample ne surfacedetail from points cloud directly
withoutatargetmeshfor sampling.

3. We avoid a time-consumingglobal enegy optimiza-
tion by employing a local subdvision surface tting
andgeometricsamplingtechniquesowe cangenerate
agoodquality displacedsubdvision surfacein a short
time.

1.3 Algorithm Overview

Our algorithmconsistsof threesteps. First, we make a
controlmeshfrom unomganizedoointsusinga shrinkwrap-
ping processAfter that,we subdvide thecontrolmeshser-
eraltimesto geta parametricdomainsurfacethatis a base
meshof surfacedetail sampling. We employ a subdvision
surface tting schemeto preventshrinkageinducedby the
subdvisionschemeWith givendomainsurface we sample
surfacedetail from unomganizedpointsalongthe eachver-
tex normaldirection. Final resultis a coarsenitial control
meshandscalardisplacemenvtalues.

2 Problem De nition

Let bearealworld objectand
be a cloud of pointsthatis sampledfrom . Thenmesh
reconstructioralgorithmis aprocesghatproduces polyg-
onalmesh  from suchthat

2.1 Input Data

Theinput of ouralgorithmis acloudof pointswithout
connectvity information. This canbeacquiredrom asam-
pling hardware,e.g. laserrangescanneior structuredight
scanner We assumehat the input points are alreadyreg-
isteredin a singlecoordinatorsystemandfreefrom noises.
We restricta topology of reconstructednesh  to bea
genus-Gsphericatopology

2.2 Parametric Domain and Displacement

Parametricdomain wheredisplace-
mentsamplingis performeds de ned asfollows:

is a controlmeshmadewith input points, is a sub-
division operatorand is the subdiision level. Displace-

ment is thedistancealongavertex normalof  between
a vertex andthe realworld object  thatis approximated
by inputpoints  (Fig.2).
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Figure 2. Displacement sampling (2D)

2.3 MeshReconstruction

The outputof our algorithmis a displacedsubdvision
mesh. This meshconsistsof two parts; a coarsecontrol
meshanda displacemenmap. Let  be a coarsecontrol
mesh, be a displacementnap,and be a subdvision
operator Thendisplacedsubdvision mesh is acquired
asfollows.

is the subdvision level whenthe displacemeninap
was sampled. Sincesubdvision operator is known and
notneededo bestoredin the meshformat,we only haveto
storea coarsemesh anda displacementmap  which
is basedon scalardisplacements. This causesmemory-
ef ciency of thedisplacedsubdiision meshformat.

3 Domain Surface Generation

A displacedsubdiisionsurfaceconsist®f acoarsecon-
trol meshwith scalardisplacementalues. Displacement
values are capturedfrom a parametericdomain surface
which is madeby subdiision of the coarsecontrol mesh.
In this section we introduceour initial controlmeshgener
ationalgorithmfrom pointscloud andthe subdvision sur
face tting schemehatis usedto make parametericlomain
surface.



(a) boundingcube

(b) subdvidedcube

2
S
%

RS ATANA T,

v

e avIvLTL "

i
/

IR RN

FAvAD
i

it ©

v

A R FEHIR
&

T

i

L A TATAN, %

=
s
e

£
H
5

B

K

(d) aftersipli cation

(c) shrinkwrappedcube

Figure 3. Control mesh generation by shrink wrapping approach

3.1 Control Mesh Generation

Controlmeshgeneratioris thecritical processn our al-
gorithmsincea controlmeshde nes the shapeof parame-
teric domainsurfaceand nally it affectsthe surfacedetail
samplingquality. A controlmeshshouldbebothcoarseand
maximally approximatedo input points. In this paper we
employed shrink wrappingapproachand meshsimpli ca-
tion to generaténitial controlmeshof givenpointscloud.

3.1.1 Shrink Wrapping Approach

The idea of shrink wrappingremeshinghasalreadybeen
givenin [8]. Our approachsharesthe similar ideabut is
much differentfrom that becauseour input is just points
cloudsothatwe cannotprojectit to acommonbasedomain
like a spherein [8]. The mainreasonthatwe call our ap-
proachshrink wrappingis thatwe shrink a boundingcube
sothatit completelywrapsup theinput pointscloud.

First, we make a boundingcubeof given points cloud
(Fig.3(a)). Thenwelinearly (new verticesareplacedat the
middle of eachedges)subdvide it several times until we
geta properhigh resolution(Fig.3 (b)). To geta high res-
olutionin this stageis importantbecauséf we have coarse
resolutionit is likely to miss someconcae or corvex re-
gion, for examplethe noseof spockmodel. To simulate
theshrinkwrappingprocesswe repeatedlyapplytwo basic
operations— projectionandsmoothingoperations.

The projectionoperationis applyingthe attractingforce
to eachverticesthatis a vectorbetweerthe boundingcube

andthegivenpointscloud . Foreachvertices of the
boundingcube,we simply nd anearespoint , calculate
aattractingforcevector , andapplyit backto thevertex

with weight betweerD.0to 1.0.

Sincetheboundingcubeis not coarsethereis possibil-
ity to sharethe samepoint for morethantwo cubevertices

whenthey calculateattractingforces.In thatcasejf we ap-
ply whole attractionforcesto thosevertice,severalvertices
canmeetat the sameposition by this projectionoperation
andit causesion-manifoldregion asaresult. To avoid such
undulationswe give aweight lessthanl1.0. Experimen-
tally we chose t00.5.

The smoothingoperationis the relaxing of the subdi-
videdboundingcubeto acheve uniform sampling.We em-
ploy the approximationof Laplacian asin [14]. Thisis
the averagevector of 1-neighboredgevectorsof a given
vertex, andit usually gives shrinkageeffects. So we just
take thetangentiakcomponent  (Fig.4left) of this Lapla-
cian whichis perpendiculato the vertex normaln. So,
the nal tangentialLaplacian of agivenvertex and
iterative smoothingequationis asfollows:

If we apply big value (almostnear1.0), we canget
uniformly sampledmeshasan outputbut our shrinkwrap-
ping procedurecan fail to capturebig corvex or concae
region becauseneshcanbe shrink (theres someshrinkage
eventhoughwe apply tangentialmotion only) below such
importantregionandit is hardto bereachedy justproject-
ing to the nearespoint (Fig.4 right). If we apply small
value,we cannotgetuniformly distributedmesh.We chose
0.2 asthe proper valueby experiments.The exampleof
theresultof shrinkwrappingprocesss givenin Fig.3(c).

3.1.2 CoarseControl Mesh Generation

Theresultof our shrinkwrappingprocesss a high resolu-
tion approximatiorto the given pointscloud. However, we
only needa very coarsecontrol meshwhich approximates
givenpointscloud. So,wejustsimplify it with the QEM [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 givenin Fig.3

(d).
3.2 Parameteric Domain Surface Generation

This stepis to make a smoothparametericdlomainsur
facefrom a coarsecontrolmeshgeneratedby previoussec-
tions. Parametricdomainsurfaceis a basemeshfor sam-
pling ne surfacedetail. Sinceoriginal displacedsubdii-
sion surfacehasemployed Loop subdiision scheme11]
to generatea smoothsurface,we follow the samesubdvi-
sionscheme.To successfullycapture ne surfacedetail,a

domainsurfaceand input points shouldbe close enough.

SinceLoop subdvision inducesshrinkagewe import sub-
division surface tting schemg13] to modify controlmesh
sothatthe domainsurface ts well to input points. In this
casewe regardinput pointsasperspectie limit positionof
eachvertex of domainsurface.We slightly deformthecon-
trol mesh(Fig.5 (b)) in orderto correctly t domainsurface
to input pointsaftersubdviding it (Fig.5(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.

of eachvertex
. Thenwe nd theclosest
of eachlimit position . Theresultanforce

By [11], we nd alimit position
onthecurrentdomainsurface
input point

is de ned asfollows:

where

— for
-- - - — for

We canmodify eachvertex  of thecontrolmeshby the
following iterative approximatiormethod.

Optimal valueis 0.8 by experimentsin [13]. After this
tting processwe subdiide the controlmeshuntil we get
the smoothdomainsurfacethat hassimilar complexity of
input pointsby comparingthe numberof total verticesand
sendall verticesto their limit positions.

4 SurfaceDetail Sampling

In the original work [10], Leeet al. seekto computethe
signeddistancefrom the limit point of eachvertex on the
domainsurfaceto the original surfacealongthe vertex nor-
mal. Sincethe samplingtargetis polygonalmeshit is easy
to nd an intersectionpoint betweenthe normal and the
original surface. But in our algorithm,we don't have ary
faceor connectvity information. Hence,we nd a proper
faceintersectingwith samplingnormalvectoramongcom-
binationsof input points.

We de ne thevalid triangle asatrianglede ned
by threeinput points, which intersectswith a given sam-
pling ray andhasminimum area. Hence,for given vertex

, adisplacemenvalue is adistancefrom to avalid
triangle of thesampling-ayde nedby thevertex nor-
mal directionof . Figure6 shows the valid triangle and
properdisplacementalue of givenparametriosertex

To getadisplacement , wehaveto nd for each
parametricvertex  asfollows. 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 calculatethe signeddistancefrom the domainsur
faceto this triangle alongthe normal. If not, we addthe
next nearvertex and make combinationgo generateother
triangularfacesuntil we getanintersectedace. If we get
multiple intersectedaces,we choosethe onethat hasthe
smallestareaamongcandidatevalid triangles. The reason
we usethe smallestareaasthe standardof validity is be-
causewe wantto avoid wrong triangulationasin gure 7.
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ment value

This gure shavs 2D concepdf selectingacorrectvalid tri-
angleface.In gure 7, therearetwo possiblevalid triangles
- (a,b)and(c,d) - sincebothtriangleintersectsa givensam-
pling ray. But triangle(a,b)thathasthe smallestareais the
correctvalid triangleintuitively. This meansthatthe sam-
pling processs usuallyperformedn thelocally almost at
area- we assumehatthe domainsurfaceis closeenoughto
input points- andin that casethe smallesttrianglecanbe
theproperchoice.

- - --: Surface of real object
O :Input points
: Candidate valid triangle

Figure 7. Select valid triangle in two possibil-
ities

Figure 8 shavs the example of nding valid triangle
. Black dotin this gure is vertex normalvector ,
which is assignedvertically to this paper This papercan
be regardedasa planethat passthrougha parametricver
tex andhasanormalvectorparallelto . White dots
are veinputpoints projectedto this
plane. Thereare 10 prospectie valid trianglesmadewith
veinput points( ). Intheseriangles,ntersecting

andvertex normal triangle( )
g Q
° o
He) --0
Q. | @] O O
i) o

(c) A candidatevalid (d) A valid triangle
triangle( ) ( )

Figure 8. Example of selecting avalid triangle

Sincetheresno connectyity informationof input points
cloud,we employedoctreebasedspartialsearchto nd the
nearespoint for given parametricvertex in com-
plexity ( is the numberof input points). Octreeis con-
structedby subdviding intial boundingcuberecursvely.

5.Results

We've implementedour algorithm on Pentiumlll 866
PC with 384M-RAM. OpenGL,Visual C++, andMFC li-
brarywereused.Theresultsareshowvn in the gure 10,11
at the end of this paper Table 1 shaws the size of 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 1min4lsec
Total 24sec 2min 47 sec

Table 1. Testing data and time
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Figure 9. Example of LOD generation (level O

6 Discussion
6.1 Computation time & surfacedetail

Our algorithm hasseveral bene ts compareto existing
meshreconstructiomalgorithm[5, 13]. Our algorithmre-
ducedreconstructiortime compareto global enegy opti-
mizationbasedmethods.Suzukiet al. [13] suggestedhat
his methodis muchfasterthan[5] sincehe calculatedimit
positionsonly with 1-neighborinformation and get opti-
mized result by iteratve method. But his methodlacks
of surfacedetail. Our methodcanbe slower than[13] by
additionalsamplingprocessput capture ne surfacedetail
very well. We don't producean accurateresultlike time-
consumingoptimizationmethod,but we canstill produce
areasonablapproximatingesultin ashorttime (lessthan
several minutes). Figure 12 shavs the comparisorof ne
surfacedetailbetweertheresultof Suzukietal. andours.

As you canseein the Figure 12, our resultshows bet-
ter ne surfacedetail nearthe noseandside hair ((a), red
circles). Moreover, Suzukiet al. methodcanfail to capture
importantfeaturelik e thetip of nose(Fig.12 (b)) if theini-
tial control meshis not de ned manually Table 2 shavs
gaperrors[13] betweennput rangedataandreconstructed
3D mesh.Ourmethodshavsfarbettergaperrorssinceours
cancapturene surfacedetailaswell asoverall shapevery
well.

Max Err or Min Error Mean Err or
Suzukietal. 0.123361 0.000108 0.010948
Our method 0.026467 0.000131 0.007379

Table 2. Gap error comparison (spoc k model)

Ouralgorithmdoesnot produceaccurateresultlik e opti-
mizationalgorithmof Hoppeetal. butit doesproducerea-
sonabledetailedsurfacein a shorttime. So, our algorithm
is usefulin ordinarygraphicsgdatathatdoesnotrequirehigh
accurag like CAD model.

level 4)

6.2 Multir esolutionanalysis

For multiresolutionmodelingbasedn thewaveletfunc-
tion, an arbitrary meshmust be corvertedinto a regular
structuredmesh[12]. This corversionprocessis called
remeshing3]. Most existing remeshingschemesise1-4
subdvisionto make aregularstructure . Sinceouralgorithm
is asamplingprocesfrom a smoothsubdvision surfaceto
input points,underlyingsurfacestructureis piecavise reg-
ular - this meansthe resultmeshhassubdvision connec-
tivity. So,we canapply our resultmeshto multiresolution
analysiswithout remeshingFigure9 shavs theexampleof
multiresolutionrepresentationf our resultmesh.

Hoppeetal. & Suzukiet al. methodsalsoproducesub-
division meshasa result,but Hoppeet al. adopteda subdi-
vision schemeo smoothoptimizedcontrol mesh.So, new
verticescreatedoy subdvision do not representhe surface
detail. Suzukiet al. methodalso producesa subdvision
mesh but his methodis a kind of surface tting ratherthan
meshreconstruction.This methodproducesa resultlacks
of ne surfacedetailaswe mentionecearlier sothatis not
properfor multiresolutionanalysis.

6.3 Efciency of detail sampling algorithm

In this paper we suggesteé surfacedetail samplingal-
gorithm from pointscloud. We searchcandidatetriangles
which are compositionf nearespoints. Our methodis a
heuristicdeterminatiormethodthat canbe usedinsteadof
makinglocal delaunaytriangulationsor parameterisurface
generationsWe've checledthe ef ciency of our sampling
algorithmby the numberof testedtriangelsfor eachvertex
to nd avalid triangle.For catmodel,71%of verteicesan

nd valid trianglesatjust rst tries.21%of verticescan nd
valid triangelsat fourth tries. Nearly 97% of verticescan
nd valid trianglesat lessthantenthtries. This shaws our
samplingmethodhasenoughef ciency for practicaluse,
but still needmorerobustness.



6.4 Volumetric approachfor control meshgener
ation

A shrinkwrappingapproachcombinedwith simpli ca-
tion (chapter3.1) cangeneratehe bestapproximatedon-
trol mesheasily It needssomeiterationsto projectand
smooththe boundingcubebut all thosecalculationsarelo-
calandit canbedonein severalminutesat most.However,
our shrinkwrappingapproactcanonly beappliedto points
cloudthatis sampledrom amodelwhich hassphereopol-
ogy. Moreover, even thoughthe model has spheretopol-
ogy, it is very hardto generate controlmeshby our shrink
wrappingapproachwhen the model haslarge corvex re-
gion, like earsof the stanfordbunny. We think thatin the
projectingstepwe cansearchthe nearespointin thedirec-
tion of eachvertex normal. Anotherwayis usingvolumetric
methodgo recognizethe topology 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-surfaice by
marchingcubesalgorithm. Sincewe useonly large cubes
to generatecoarsecontrol mesh,computationandsimpli -
cationfor generatingso-surficeis not so expensve. For
bunrny model,we've used16 16 16volumedataandthe
iso-surbcecanbegeneratedh afew seconds.

7 Conclusion& Futurework

In this paper we introduceda new meshreconstruction
algorithmthatextractsadisplacedsubdvisonmeshdirectly
from unomganizedpoints. We simply constructcoarsecon-
trol meshby shrink wrapping approachand sample ne
surface detail directly from input points cloud. Also we
avoid global enegy minimizationand employ local itera-
tive methodto enhancesamplingdomainsurface quality.
The result meshhas compactrepresentatiorand is ready
to be appliedinto the wavelet basedmultiresolutionanal-
ysis without remeshingsinceit samplesscalarvalue dis-
placemenandhassubdvisionconnectvity. Theunderlying
structureandsmoothnessf the domainsurfacearesimply
de ned by the stationarysubdvision scheme. The result
meshhaslots of applications— meshediting, animation,
renderingetc.

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

suchasmakingindividual facial modelfrom rangepoints
usingagenericheadmodel.
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(a) Pointscloud (b) Controlmesh (c) Dispalcemensampling (d) Result

Figure 10. Reconstruction process and result (cat model)

(a) Pointscloud (b) Controlmesh (c) Displacemensampling (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)



