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Intro duction

Weusespectrapartitioningto reconstrucawatertightsurfacefrom
pointclouddata.This methodis particularlyeffective for noisyand
undersampleg@oint setswith outliers,becauselecisionsaboutthe
reconstructedurfacearebasedn a globalview of themodel.

Algorithm

To reconstruca surfacefrom anunoiganizedpoint setS, we create
apointsetS" thataddstheverticesof a cubicalboundingbox,then
computethe DelaunaytriangulationT and Voronoi diagramQ of
S". We form a graphG whosenodesare verticesof Q, anduse
a spectralgraph partitioning algorithmto cut this graphinto two
pieces,the inside and outside subgraphs.Becauseavery Voronoi
vertex in Q representatetrahedronn T, thesdabelsareaf x edto
the tetrahedrdoo. If the pointsin S are sampleddenselyenough
from a simpleclosedsurface thenthe surfaceis approximatedea-
sonablywell by the facesof T that separatehe inside tetrahedra
from theoutsidetetrahedra.

Ouralgorithm rst identi es thesetV of Voronoiverticescalled
poles[?], which arelikely to lie nearthe medialaxis of the surface
beingrecorered. Thealgorithmthenconstructs sparsepolegraph
G = (V;E). ThesetE of edgesis de ned as follows: for each
samplepoint s with polesu andv, (u;V) is anedgein E, andfor
eachedge(s;s) of the DelaunaytetrahedralizatiofT, the polesof
sandslareconnectedy edgesn E.

Theedgeweightsarebasednobsenationsof Amentaetal. [?].
If a samples hasa long, thin Voronoi cell, the likelihoodis high
thatits polesareon oppositesidesof the surface. For eachsample
swith polesu andv, we assigna negative weightto theedge(u; v).
Lett, andty bethetetrahedran T whosedualsareu andv. The
circumscribingspheresof t, andty intersectat an anglef. We
assign(u;v) aweightof wyy =  €* 40" Next, let (u;v) bean
edgeof E thatis notassigned negative weight. For all suchedges
(u;v), we assignaweightof wy,, = €* 4o _|f f is closeto 180 ,
u andyv arelikely to lie onthe samesideof the surface,sowe usea
large, positive edgeweight.

We know a priori thattetrahedrawith verticeson the bounding
box mustbelabeledoutside Hencewe x theirlabelsprior to the
partitioningstepby collapsingthepolesdualto suchtetrahedranto
asinglesupernode, yielding amodi ed graphG®

From the modi ed pole graphG® we constructa pole matrix
L= (D A). HereA is theweightedadjaceng matrix of graphG®
andD is a diagonalmatrix whoseentriesarethe row sumsD;; =
ajgilAl-

We partition GPby nding the eigevectorx associatedvith the
smallesteigevalue | of the generalizeceigensystenix = | Dx.
Becausd is a sparseamatrix, we computex using TRLAN, anim-
plementationof the Lanczosalgorithm[?]. Whenthis methodis
appliedto smooth,well-sampledsurfaces,we nd thatx is rela-
tively polarized: mostof its entriesare clearly negative or clearly
positive. Noisy modelsare moreambiguousseeFigure ??. Each
entryof x correspondso onenodeof G° Supposeheentrycorre-
spondingto thesupernode is positive; thenthenodesof G*whose
entriesarepositive arelabeledoutside andthenodesvhoseentries
arenegative arelabeledinside
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Figure 1: Reconstructiorof the Stanforddragonfrom noisy raw
datathat includesoutliers (upperright). At lower right are the
sortedentriesof the eigervector usedto reconstructthe model.
1,770,421input points,3,031,078riangles 229 minutes.

Spectrapartitioninglabelseachtetrahedronvhosedual Voronoi
vertex is apole. To labelatetrahedron whosedual vertex v is not
apole,we examinethe polesof its four vertices.If t hasavertex u
thathasapole p thatis labeledinside and vup < 90 , we labelt
inside Otherwisewe labelt outside We outputevery triangleat
which aninsidetetrahedrormeetsan outside tetrahedron.This is
thereconstructedurface.

An alternatveis to usepower cells(all of whichdualizeto poles)
insteadof Delaunaytetrahedralike Amentaetal.s power crustal-
gorithm. Power cells offer betterreconstructiorof sharpcorners,
but payfor it by generatingnary extraverticesin thesurface.

The goal of our algorithmis to producethe samelabeling as
the provably goodpower crustalgorithmwhenthe surfaceis well-
sampledandthe samplesarenoiselessbut to behaie morerobustly
otherwise. Becausehe spectralpartitionerhasa global view of
thesamplesit can Il large holesandcorrectfor noiseandunder
samplingin circumstancesvherethe local labelingalgorithmthat
Amentaetal. usefails. Outliersareusuallyremoved: if everytetra-
hedronadjoininganoutlieris labeledoutside (or every tetrahedron
is labeledinsidé), the outlier doesnot appeaiin the nal surface.

The spectralalgorithmis notinfallible. The global eigervector
computatiortakeslongertime thanthelabelingalgorithmin power
crust.Givenpoint setsthatrepresenhonmanifoldgeometriesvith
internal cells, the spectralmethodcan confusethe inside and the
outsideof a model. However, given point setssampledrom man-
ifold surfacesspectralsurfacereconstructionis remarkablyrobust
againstnoise,outliers,andundersampling!In particular the spec-
tral algorithmperformswell on the outputof rangescanners.
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