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Intro duction
Weusespectralpartitioningto reconstructawatertightsurfacefrom
pointclouddata.Thismethodis particularlyeffectivefor noisyand
undersampledpoint setswith outliers,becausedecisionsaboutthe
reconstructedsurfacearebasedona globalview of themodel.

Algorithm
To reconstructasurfacefrom anunorganizedpoint setS, wecreate
apointsetS+ thataddstheverticesof acubicalboundingbox,then
computethe DelaunaytriangulationT andVoronoi diagramQ of
S+ . We form a graphG whosenodesareverticesof Q, anduse
a spectralgraphpartitioningalgorithmto cut this graphinto two
pieces,the insideandoutside subgraphs.Becauseevery Voronoi
vertex in Q representsa tetrahedronin T, theselabelsareaf�x edto
the tetrahedratoo. If the points in S aresampleddenselyenough
from a simpleclosedsurface,thenthesurfaceis approximatedrea-
sonablywell by the facesof T that separatethe inside tetrahedra
from theoutsidetetrahedra.

Ouralgorithm�rst identi�es thesetV of Voronoiverticescalled
poles[?], which arelikely to lie nearthemedialaxisof thesurface
beingrecovered.Thealgorithmthenconstructsasparsepolegraph
G = (V;E). The set E of edgesis de�ned as follows: for each
samplepoint s with polesu andv, (u;v) is an edgein E, andfor
eachedge(s;s0) of theDelaunaytetrahedralizationT, thepolesof
s ands0areconnectedby edgesin E.

Theedgeweightsarebasedonobservationsof Amentaetal. [?].
If a samples hasa long, thin Voronoi cell, the likelihoodis high
that its polesareon oppositesidesof thesurface.For eachsample
swith polesu andv, we assigna negative weightto theedge(u;v).
Let tu andtv be the tetrahedrain T whosedualsareu andv. The
circumscribingspheresof tu and tv intersectat an anglef . We
assign(u;v) a weight of wu;v = � e4+ 4cosf . Next, let (u;v) be an
edgeof E thatis notassigneda negative weight.For all suchedges
(u;v), weassignaweightof wu;v = e4� 4cosf . If f is closeto 180� ,
u andv arelikely to lie on thesamesideof thesurface,sowe usea
large,positive edgeweight.

We know a priori that tetrahedrawith verticeson thebounding
box mustbelabeledoutside. Hence,we �x their labelsprior to the
partitioningstepby collapsingthepolesdualto suchtetrahedrainto
a singlesupernodez, yielding a modi�ed graphG0.

From the modi�ed pole graphG0, we constructa pole matrix
L = (D � A). Here,A is theweightedadjacency matrixof graphG0

andD is a diagonalmatrix whoseentriesarethe row sumsDii =
å j6= i jAi j j.

We partitionG0by �nding theeigenvectorx associatedwith the
smallesteigenvalue l of the generalizedeigensystemLx = l Dx.
BecauseL is a sparsematrix, we computex usingTRLAN, anim-
plementationof the Lanczosalgorithm[?]. Whenthis methodis
appliedto smooth,well-sampledsurfaces,we �nd that x is rela-
tively polarized:mostof its entriesareclearly negative or clearly
positive. Noisy modelsaremoreambiguous;seeFigure??. Each
entryof x correspondsto onenodeof G0. Supposetheentrycorre-
spondingto thesupernodez is positive; thenthenodesof G0whose
entriesarepositivearelabeledoutside, andthenodeswhoseentries
arenegative arelabeledinside.
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Figure1: Reconstructionof the Stanforddragonfrom noisy raw
data that includesoutliers (upper right). At lower right are the
sortedentriesof the eigenvector usedto reconstructthe model.
1,770,421inputpoints,3,031,078triangles,229minutes.

SpectralpartitioninglabelseachtetrahedronwhosedualVoronoi
vertex is a pole. To labela tetrahedront whosedualvertex v is not
a pole,we examinethepolesof its four vertices.If t hasa vertex u
thathasa pole p that is labeledinside, and

�

vup < 90� , we labelt
inside. Otherwise,we labelt outside. We outputevery triangleat
which an insidetetrahedronmeetsanoutside tetrahedron.This is
thereconstructedsurface.

An alternativeis to usepowercells(all of whichdualizeto poles)
insteadof Delaunaytetrahedra,like Amentaet al.'s power crustal-
gorithm. Power cells offer betterreconstructionof sharpcorners,
but payfor it by generatingmany extraverticesin thesurface.

The goal of our algorithm is to producethe samelabeling as
theprovably goodpower crustalgorithmwhenthesurfaceis well-
sampledandthesamplesarenoiseless,but to behave morerobustly
otherwise. Becausethe spectralpartitionerhasa global view of
thesamples,it can�ll largeholesandcorrectfor noiseandunder-
samplingin circumstanceswherethe local labelingalgorithmthat
Amentaetal. usefails. Outliersareusuallyremoved: if every tetra-
hedronadjoininganoutlier is labeledoutside(or every tetrahedron
is labeledinside), theoutlier doesnotappearin the�nal surface.

Thespectralalgorithmis not infallible. The global eigenvector
computationtakeslongertimethanthelabelingalgorithmin power
crust.Givenpoint setsthatrepresentnonmanifoldgeometrieswith
internalcells, the spectralmethodcanconfusethe insideand the
outsideof a model. However, givenpoint setssampledfrom man-
ifold surfaces,spectralsurfacereconstructionis remarkablyrobust
againstnoise,outliers,andundersampling.In particular, thespec-
tral algorithmperformswell on theoutputof rangescanners.
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