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Abstract

In this paper we proposea new efcient algorithm to
constructa multiresolutionpolygonalmeshas a topolagy
estimationmethod. The proposedalgorithm initially sey-
mentsthe range data into a nite numberof patchesus-
ing the K-meansclusteringalgorithm. Each patd is then
approximatedby an appropriate polyhedon and divided
into triangles,yielding nally a triangular meshmodel.By
controlling the tolerance of the modelingerror, multires-
olution representationof the estimatedtopolagy also can
be establishedefciently. Moreover, in order to improve
theequiangularityof each triangle, we employthe dynamic
meshmodel[3], sothatthemeshadaptively nd its equilib-
rium state according to the equiangularityconstaint. Ex-
perimentalresultsdemonstate that satisfactoryequiangu-
lar meshmodelsare constructecef ciently at variousreso-
lutions,while yieldingtolerableerror.

1 Intr oduction

In computervision and computergraphics,rangedata
playsanimportantrole in mary applications sinceit pro-
videsan explicit geometricainformationon the surfaceof
anunderlying3-D object. Recentprogressn range- nding
techniguessuchaslaserrangescanneandspacesncoding
range nder, allow usto acquiredenseangedatawith toler-
ableerror. In addition,by employing properregistrationand
integrationtechniqueg8], multiple rangedataof anobject
obtainedin differentviews canbe transformednto a com-
mon coordinatesystem sothata complete3-D rangedata
of the physicalmodelcanbereconstructed.

However, sincethe rangedatais in itself merely a set
of densepoints, an explicit 3-D modelfor the underlying
object should be obtainedfor further high level process-
ing. In this contet, the modelingtechniqueto corvert the
raw rangedatainto a suitablesurfacemodelis quiteanim-
portantissue,andmuchefforts have beenmadeto develop
suchtechnique5][12]. Applicationsof this techniquecan
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befoundin the eld of 3-D modelingincluding rapid pro-
totyping, reverseengineeringyirtual andaugmentecenvi-
ronments.

So far, a numberof algorithmshave beenproposedby
severalresearcher® constructa suriacemodelfrom a set
of rangedata, which can be roughly categorizedinto two
groupsbasedon their approachespolygonalmeshbased
[5] andB-splinesbasednethodq12]. In this paperwe fo-
cuson the techniquesusing polygonalmeshmodel. Note
that triangular mesh has been used most widely in 3-D
graphicsand vision, sinceit canrepresentomple free-
form objectsef ciently .

In this paper we proposea new algorithmto estimate
the underlying topology using triangular mesh, which is
achiered in a top-davn strateyy. This paperis organized
asfollows. The problemis de ned andthe proposedap-
proachis brie y introducedin Section2. In Section3, -
meansclusteringtechniqueis discussedwith which point
patchesregeneratedin Sectiord, thetopologyestimation
algorithm,including polygonalapproximatiorandtriangu-
lar meshgenerationis describedn detail. In Section5, we
introducethe dynamicmeshbrie y and presentthe mesh
adaptationalgorithm. Next, experimentalresultsare pro-
videdin Section6. Finally, we give the conclusve remark
in Section?.

2 Problem Statementsand Overview

In our approachjt is assumedhat the input datafor-
matcouldbe eitherpointscloud or densepolygonalmesh.
For thedifferentchoicesof theinputformat,the problemof
topologyestimationis de ned asfollows.

Topologyestimationof pointsclouds:If theinputis a
pointscloud,theproblemis to estimatethe underlying
topologyof theobjectby constructingpolygonalmesh.

Topology estimationof densemesh: If the inputis a
densemesh,the problemreducedo a accelerate@nd
memorylessneshsimpli cation, in whichthelow res-
olution meshis obtainedquickly.
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Figure 1. Overview of the proposed algorithm.
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Note that, in topology estimationof densemesh, initial
densemeshis not simpli ed in the iteratve mannerasthe
previous algorithm. Instead,it createsa low level mesh
withoutary prior knowledgeof otherlevels.

In constructingtriangular surface model, the common
measureor the "good' triangulationis the approximation
errorandthe equiangulaproperty The approximationer
ror is directly affectedby theresolutionof the meshmodel,
andthis canbeef ciently adjustedby the numberof initial
patchesn the proposedalgorithm. In our work, we prefer
equiangulatriangleratherthansharpandnarrow triangle,
sinceit haslessdistortionin shadedenderingandis more
usefulin furtherprocessingncludingmesheditingandtes-
sellation.Equiangulameshis alsoknown to increaseipper
boundon the curvatureof sampledsurface,assuminghat
theshapes locally sphere-lile.

The proposedmodeling algorithm consists of three
stages: -meansclusteringof the input data, polygonal
approximationand triangular meshgeneration,and mesh
adaptation. The overall block diagramis showvn in Fig-
urel. In ourapproachrstly byusingthe -meansluster
ing techniquetheinput rangedatais partitionedinto point
patchesEachpair of point patchess thentestedo retrieve
the adjaceng information. And usingthis adjacenyg rela-
tions,eachpointpatchis approximatedby apolygon,yield-
ing theinitial polyhedralsurfacemodel. Thena triangular
meshis obtainedfrom this polyhedralmodelby meansof
polygonaldivision. In this procedurenotethatthe resolu-
tion of the initial polyhedralmodeland eventuallythat of
the nal triangularmeshcanbe controlledby varying the
numberof clustersin -meansclusteringstage. In mesh
adaptationin orderto increasehe equiangulapropertyof
theestimatedopologyin ourapproachthemeshcon gura-
tion is updatedteratively to corvergeto thereferencenesh,
yielding nally anequiangulamesh.Notethatthe meshis
modeledas dynamicspringmodelandthe referencanesh
is con guredto bemostequianguladeformation.

3 Voronoi Partitioning

The proposedmeshconstructionalgorithm begins with
partitioningof therangedatausingthe -meansclustering
technique. -meansclusteringis performedbasedon the
nearesheighborcriterion, yielding Voronoi partitioning of
therangedata.

(1) Choose an initial set

(2) Determine

(3) Compute the centroid

3.1 -MeansClustering

The -meansclustering[6] algorithmclustersmultidi-
mensionaldata, by minimizing the sum of the distances
betweeneachpoint andthe clustercenters. This is useful
techniquein clusteringunomganizeddata, especiallywhen
no additionalinformationis provided, exceptthe position
of the data. In our approachthe -meansalgorithmis
adoptedto partition 3-D rangedatainto point patchesfor
the polygonalapproximation. In orderto nd the center
of the point patcheswe usethe LGB algorithm|[1] to de-
terminethe centerof eachcluster ,
where isthenumberof clusters.The LGB algorithmcan
be summarizedisfollows.

of centroids

the Voronoi region for

each

of each Voronoi

region.
(4) If it has not converged, go to step
2. Otherwise stop.

In determiningthe Voronoiregion, eachrangedatais clus-

teredinto  pointpatches , usingthe
following minimumdistancecriterion.

for all (8]

- )

In LGB algorithm, the choiceof the initial setof cen-
troid is important,sincethe algorithmwould cornvergeto a
localminimumdependingntheinitial selection.n ourap-
proachwe usethesplitting techniquejn whichthenumber
of clustersis increasedrom 1to . Thecentroidof point
patchwith largestvariances splitinto two by choosingwo
centroidsasrandomperturbations.

Thereare several advantagesn applyingthe -means
clusteringalgorithm.First, by usingthedivide-and-conquer
method, the computationburden can be reducedsigni -
cantlyin further processing Note that sincea setof range
datais verylarge,thecorventionalpoint-wisemanipulation
requiresenormousamountof computationakost. On the
otherhand by partitioningthedatainto anumberof patches
andmanipulatethem, our algorithmcanreducethe search
spacedrasticallyandalleviate the computationatost. Sec-
ond, the resultantpatchesare regularin shapedueto the
characteristicef Voronoiregion. Thus,in turn,theapprox-
imatedpolygonbecomeslsovery regular, which is oneof
thedesirablefeaturedn constructinghe meshstructure.
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Figure 2. Subclustering of a point patch. (a)
Non-minif old point patch (). (b) Removing
non-manif old patch by creating a new patch
(). (c) Removing non-manif old patch by
neighborhood-rec lustering ( and ).

3.2 Subclusteringof Point Patch

Sincethe distancemeasurén (2) is Euclidiandistance,
the resultantpoint patchcan be non-manifoldstructured.
For example,whenthe objectis relatively thin compared
with the radiusof the point patch, someof the resultant
patchescould consistof pointswhich lie on oppositeside
of the thin surface,as shavn in Figure 2 (a). In further
processingthis producedolded polygonswhich aretopo-
logically incorrect.

The problemcan be solved by adoptingdifferent dis-
tance measure,i.e.,, geodesicdistance. However, the
geodesicdistancecomputationis computationallycostly.
Eventhoughfastalgorithmis available,it is de nitely im-
practicalin thisapplicationdueto thelargesizeof therange
data. In our approachijn orderto solve the problem,non-
manifold patchis subclusteredyielding two manifold point
patchesas shovn in Figure2 (b). On the otherhand, if
thenew patchhasfew points,therelative sizewould betoo
small, which causesdrregular topologyin further process-
ing. Thereforejn this casethesmallerpart(lower subclus-
ter of in Figure?2 (a)) is reclusteredo the neighboring
clustersasshavn in Figure2 (c).

4 Triangular Mesh Construction

In this section,we describethe proposedalgorithmto
estimatehe underlyingtopologyby constructingnitial tri-
angularmeshfrom the point patches. Algorithms are de-
velopedfor pointscloud, sincethe densemeshstructureis
eventuallya specialcaseof pointscloud. Notethatmuchof
the detailscanbe simpli ed by usingthe connectiorinfor-
mationof meshif theinputis denseriangularmesh.

4.1 Finding the AdjacencybetweenPoint Patches

Considerttwo pointpatches and , which consistsof

and points,respectiely, as
®3)

1A point patchis called manifold structuredwhenall the point in the
patchis geodesicallyadjacent.

@)
Let be a openballcenteredat with radius , and
de ne and usingtheopenballsas(6).

(5)

(6)
Assumethat and areadjacenteachother Then,for
some , atleastonepointof isincludedin and
alsoatleastonepointof isincludedin . In other
words,if theproposition(7) istrue,then and arecon-
sideredo beadjacent.

()

If theradius, , is too large, therewould be falsealarm
for thepatchesvhich arenotactuallyadjacentOnthecon-
trary, if is too small,theadjacenyg couldnot be detected.
In thisresearchwe foundempiricallythatonefourth of the
meanradiusof and resultsin goodperformancesuch
that

- — (8)

wheretheradiusof a point patchis de ned asthemaximum
distancebetweerpatchpointsandthecentroid,

for all (9)
4.2 Polygonal Approximation of a Point Patch

After clusteringthe data,basedon the adjacenyg infor-
mationto neighboringpatchesgachpoint patchis thenap-
proximatedby a properpolygon. This canbe doneeasily
by constructinghePatchAdjaceny Table(PAT), whichde-
scribesthe adjaceny relationsbetweenevery pair of point
patchesFor thedetail, referto our previouswork [15].

4.3 Mesh Generation

Thetriangularmeshstructurecanbeconstructedy con-
necting eachverticesof polygon and the centroid of the
point patch. Note that the verticesof polygonandthe cen-
troid of the point patchare exactly on the sampledsurface,
thusthe nodesof the triangularmeshis also coincidewith
thesampledata.

4.4 Multir esolutionTriangulation

Multiresolutiondescriptiontechniquehave beenwidely
usedto control the visual descriptionin multiple levels of
detail (LOD), accordingto the graphicperformancen the
eld of computeigraphicsyisionandvirtual ernvironments.

In our proposed3-D surface modeling approach,the
multiresolutiondescriptioncanbe easilyimplemented by



controlling the numberof the clustersfor the initial poly-
hedralmodel. In generalthereexists a trade-of relation-
ship betweenthe resolutionof modelingand the approxi-
mationerror. Thus,by increasingor decreasinghe number
of polygonalpatchesit is possibleto controlthe resolution
and approximationerror. Note that, in our approachthe
numberof polygonalpatchesanbe adjustedeasilyby the
numberof clusters, ,inthe -meansalgorithm.
Thereforejf theapproximatiorerrorof theinitial model
is above a speci ed errorbound,we canreducethe errorto
beunderthebound,by increasing appropriately

5 MeshAdaptation Using Dynamic Model

Adaptive mesh[3] hasbeenproposedfor nonuniform
samplingandreconstructiorof the intensityandrangeim-
agedata.lt is adynamicmodelassemble@stopologically
regularcollectionsof nodalmassegonnectedby adjustable
springs.Thedynamicmeshautomaticallyupdatestself un-
til theequilibriumstate drivenby thenodalanddataforces.

In our approachwe employ the adaptve dynamicmesh
techniqudo improvetheequiangularityconditionof there-
constructedriangularmesh. Consideranode  whichis
connectedonode by aspringwith naturallength and
stiffness . Then,the forcethatthe springexertson  is
de nedas

— (10)
where,
(11)

In (11), and arethepositionalvectorof and
respectiely. Dueto the nodalandexternalforces,the posi-
tion of eachnodewith mass andthedampingcoefcient
is governedby following second-ordemonlinearordinary
differentialequationgivenby

—_— (12)

(13)

where is externalforceatnode . Notethatthecornver
gencespeeccanbecontrolled,by adjusting and , andit
becomeslowveras and increase.

Equation(13) can be solved numerically by using the
Eulertime-intggrationmethod,andthecorrespondingtera-
tive equationcanbederivedas

(14)
— (15)

(16)
(17)

5
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@) (b)

Figure 3. Movement of a node. (a) Determine
the tang ential nodal force r st by project-
ing onto the tangent plane. (b) then locate
the new position by projecting the tan-
gential displacement on the sampled surface .

where isthetimestep.We obserethatas increases,
althoughthecorvergencerateis acceleratedheprobability
of corvergingto localminimaalsoincreasesBy using(17),
theinitial meshis updatedteratively to be stabilized,with
properchoiceof , ,and

In orderto improve theequiangularityof theinitial mesh
usingthe adaptve meshtechniquewe rst establisha vir-
tual referencameshto which the initial meshshouldcon-
verge. Eachtriangle of the referencemeshis equiangular
andhasthe sameareaof the correspondingdriangle of the
initial mesh. Now, in orderto assurethe corvergence the
naturallength, , of eachspringin the initial meshis
setto bethe lengthof a side of the correspondingquian-
gular triangle in the referencemesh. However, note that
sincea spring is essentiallysharedby two triangles,
is not uniquely determined. Thus, to overcomethis non-
uniguenesgroblem we choosehe meanof two candidates
for thenaturallength.Let and betheareaof triangles
whichshareacommonspring. Then,thenaturallength
isde nedas

— (18)

wherethelength is givenby

Note that since the shapeof adjacenttrianglesis similar
enough,the meannaturallength, , of sharedspringis
possiblyexpectedo improve the equiangularityof bothtri-
anglessimultaneously

In general sincethe approximatiorerroris signi cantly
affectedby thenodalmovementdueto thedataforce,mod-
elinganddeterminingheexternalforce,i.e., dataforce in
(13) is anotherimportantissuein designingdynamicadap-
tive mesh. Usually, this problembecomeamore dif cult
whenwe dealwith scatteredangedata,ratherthaninten-
sity or rangeimage.Thus,in orderto solve the problem,in
ourapproachwe constraithemovementf thenodego be
only onthesampledsurface sothatthemodelingerror, and
thusthe dataforce at eachnodebecomezero. In Figure 3,



atwo dimensionalllustrationof our approachs shown, in
which the dotted curve denotesthe sampledsurface. Let
thetotal nodalforceat by theattachedspringsto be
Then, is projectedontothetangeniplane resultingin the
tangentiahodalforce , whichis the effective nodalforce
is in this case.Now, asshavn in Figure 3 (b), thenode

is movedto the positionof by thetangentiafforce,and
thenthenew node is nally localizedonthesampled
surfacethroughtheprojectionof  ontoit. Sincethenodal
positionis tied on the sampledsurface,the approximation
errorvariesnotmuchduringtheiterationprocesswhile the
equiangularityis greatlyimproved.

6 Experimental Results

In orderto evaluatethe performancef the proposedal-
gorithm, we have carried out the experimentson several
rangedataset. Multiresolutiontopology estimationis per
formedfor themodelsin Figure4 (a) (c),while polyhedral
andtriangularmeshwith differentchoicesof  arecon-
structed. The resultsare shawvn in Figure4 (d) (r). In
Figure4 (d) (h), the position of the codebookvectoris
shavn. After -meansclusteringand polygonalapprox-
imation of eachpoint patch,the polyhedronmodelis ob-
tainedas shown in Figure4 (i) (m), in which  is set
to 800, 100, 1500, 100, and 1500, respectiely. The con-
structedriangularmeshmodelis showvnin Figure4 (n) ().
It is obsenedthatthetrianglesonthereconstructedheshis
quiteequiangularbecaus®f the meshadaptation.

Notethatthe purposeof the meshadaptatioris to max-
imally increasethe equiangularityof theinitial mesh.Fig-
ure4 (s) (u) shaw the histogramchangebeforeand after
themeshadaptationEachinitial meshof themodelis mod-
elled asthe dynamicmeshand updatediteratively for 50
times. It is obsenedthatthe equiangularityis sufciently
improved. Notethatthetriangularmeshin Figure4 (n) (r)
hasgonethroughthis adaptatiorprocedure. It is visually
clearthattheresultantmeshhasquiteregularstructure.

7 Conclusion

In this paper basedon a combinedstatisticaland dy-
namicalmethodswe proposedanef cient algorithmto es-
timatethe underlyingtopologyof 3-D rangedatain forms
of the equiangulatriangularmeshmodel. Unlike the con-
ventionalmethods by adoptinga top-dovn approachthe
proposedalgorithm can not only manipulateunomganized
and scattered3-D rangedata ef ciently, but also reduce
the computationatostrequiredin modeling,especiallyfor
large anddensedataset. By usingthe -meansclustering
algorithmsequentiallymultiresolutiontopologyestimation
is effectively achieved,andalsothetriangulationcanbeac-
complishedef ciently. Moreover, in orderto increasethe

equiangularityof the constructedriangularmesh,the ini-
tial meshis modeledasa dynamicmeshstructure,so that
it re nes itself iteratively throughthe stabilizationprocess,
drivenby the nodalforcesandthe equiangulaconstraint.
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Figure 4. Multiresolution
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