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Abstract

Point-basedmodelsare gaining lately consideable attentionas an alternativeto traditional surfacemeshes.
In this contet, Point SetSurfaces(PSS)were proposedas a modelingand renderingmethodwith important
topolagical and approximationproperties.However, ray-tracing PSSis computationallyexpensiveTheefore, we
proposean interactiveray-tracing algorithmfor PSSimplementeadompletelyon commoditygraphicshardware.
We alsoexploit theadvantgiesof PSSo proposea noveltechniquefor extractingsurfacegirectlyfromvolumetric
data. This techniqueis basedon the well knownpredictorcorrector principle from the numericalmethodsfor
solving ordinary differential equations.Our technique provides good approximationsto surfacesde ned by a
certain propertyin the volume sud asiso-surfacesor surfacedocatedat regionsof high gradientmagnitude
Also, local detailsof the surfacescould be manipulatedby changingthelocal polynomialapproximationandthe
smoothingparametes used Furthermoe, the surfaceggeneatedare smoothandlow frequencynoiseis naturally
handled.

Catgyoriesand SubjectDescriptorgaccordingto ACM CCS} 1.3.5 [ComputationalGeometryand ObjectModel-
ing ]: Curwe, surface,solid, and objectrepresentation&.1.2[Approximation]: Approximationof surfacesand

contourd.3.7 [Three-DimensionaGraphicsandRealism]: Ray-tracing

1 Intr oduction

Lately, point-basednethodsare becomingpopularwithin

the computergraphicscommunitydueto their inherentad-
vantagesand due to the advanceson both the acquisition
methodghatprovide unoiganizedpoint cloudsandthemod-
eling toolsandtechniquesvailablefor creatingandediting
point-basednodels.Simulationalgorithms e.g.deformable
bodiesandanimation andrenderingnethodshave alsobeen
addressedyhich have becomehebasefor the development
of new point-basedyraphicsmethods[KBO04]. In this con-
text, Alexa et al. [ABCO 01, ABCO 03] and Zwicker et
al. [ZPKGO0J proposede-samplingechniquedor generat-
ing densesamplingsn orderto cover the imagespacecon-
sistentlyby simply projectingthepointsontothescreenThe
surfaceghusobtainedareknown aspointsetsurfacegPSS).
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PSSmethodsoffer a naturalmechanisnto dealwith noisy
datasets,which are hardto handlewith surface meshre-
constructiontechniquedrom point clouds.In fact, few sur
face reconstructionrmethodshave beenproposedto solve
this problem[MAVdFO05 DG04.

PSS have been further studied by Amenta and Kil
[AKO4a, AKO4b] who notedimportantpropertiesaboutthe
domain of a PSSand the behaior of the moving least-
squaes (MLS) and weightedleast-squags (WLS) mini-
mizationstrategiesin the context of PSS Basedon their ob-
senations,we proposea novel techniqueto extractsurfaces
from volumetric datastoredin uniform grids, inspired by
the well-known “predictorcorrector' principle. Our method
is ableto provide good approximationgo the surfacesde-
ned by a givenfeaturein the volume,suchasiso-suraces
andsurfaceslocatedat regionsof high gradientmagnitude.
This last classof surfacesis addressedince, as Kniss et
al. [KKHO1] pointedout, althoughthereis no mathemati-
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cal prove, regions of interestare assumedo be locatedat
regionsof high gradientmagnitude.

Meshsurfacesextractedfrom volumetricdatahave some
inherentdisadwantagessuch as the needfor de ning the
polygon characteristicsize and the needfor storing topo-
logical information.Also, importantdetailsmay be omitted
or coarseregions might be excessiely detailed.Although
moresophisticatednethodsvereintroducedn orderto han-
dle theseproblemq SP97, the meshmustbelocally recom-
putedandre ned, whichis computationallyexpensve.Also,
it is necessaryo de ne aninitial surface,implying thatthe
usermustknow a priori somecharacteristic®f the object
in orderto de ne a goodinitial approximationThe authors
alsomentionthepossibilityof handlingnoisydataif sophis-
ticatedstratgyiesof re ning anddisplacementf verticesare
used.

On the other hand, our methodhandlestheseproblems
naturally Sinceit is basedon local polynomialapproxima-
tions,theprecisionof themodelcanbelocally de ned. Also,
low frequeng noisein the datais easilyhandleddueto the
fact that the local approximationsare computedby means
of least-square¢l.S) approachesOur approachgenerates
smoothsurfacesavoiding the piece-wiseapproximationof
mesh-basedhethods.

To achieve interactve frame rates,the implementation
was completelyrealizedon commoditygraphicshardware,
makinguseof the supportfor loopsanddynamicbranches
in the shaderstageprovided by the Pixel Shader3 model
[Mic06]. We alsoproposean algorithmfor ray-tracingPSS
on the GPU which is considerablyfasterthan CPU imple-
mentation§AA03b]. As statecby AdamsorandAlexa, PSS
have clearadvantagesver otherrepresentationehenray-
tracingis used,namelythelocality of the computationsthe
possibility of de ning a minimum featuresize andthe fact
thatthesurfaceis smoothanda2-manifold ABCO 03]. Be-
sidethe inherentimplicationsof thesethreecharacteristics,
the secondadwantagecanbe exploited whencomputingthe
intersectionof the ray with the surface,whilst the last one
turnesCSGoperationgeasible]AA03b].

2 RelatedWork

In general,PSSmethodsmalke useof classicaldifferential
geometryresultsto ensureconsistentiocal representation
throughpolynomialapproximationsin thisrespectZwicker
et al. [ZPKGO0Z uselinear minimizationsbasedon WLS
to de ne thelocal polynomialfunctions,whilst Alexa et al.
[ABCO 01,ABCO 03] employ anon-linearstratgy based
on MLS to de ne a local coordinatesystemover which a
local polynomialapproximatiorto the surfaceis calculated
usingWLS. This approachwasbasedon thework by Levin
[Lev98, LevO3).

AmentaandKil [AKO4a] proposedan elegant approach
for generatingoint setsurfaceshatmakesuseof computer

vision andcomputationatopologyconceptsThey alsopre-
senteda theoreticalanalysisaboutthe behaior of the min-
imization stratgies adoptedby MLS and WLS. Basedon
theseresults,a nev PSSmethodthat capturesharpcorners
was introducedby the authors[AKO4b]. SomePSStech-
niguesalsomake useof implicit functionsAA03a, AKO43]
whosezerosetis guaranteedo generatesurfacerepresenta-
tions.Also, guaranteefor homeomorphicahpproximations
to the original objectbasedon this implicit functionarepre-
sented DGSO03.

Dey and Sun[DS0§ proposea hybrid methodthat uses
MLS and surface reconstructiontechniquesto deal with
noisy data.Onefurtherhybrid techniquethatemplo/s MLS
togethemwith anincrementakurfacereconstructiormethod
is describedby Scheidgger et al. [SFS0%. Fleishmanet
al. [FCOS0% proposea PSSmethodbasedon robust statis-
ticstechniqueswhichis ableto handlevery noisy datasets.
Thework by Reuteretal. [RJT 05] is alsoaimedathandling
suchdatasetsbasedntheenrichedreproducingkernelpar-
ticle approximationtechnique Both works presentequally
goodresultsevenfor modelswith sharpcorners.

Renderingvolumetric data using point-basedstratgies
hasalsobeenaddresseth previouswork. Coetal. [CHJO03
proposeda method named “iso-splatting’, that extracts
pointsin thedomainde ned by theiso-valueandusesthem
asinput to computea third-degree polynomial approxima-
tion to the surface. The renderingis performedby means
of splatting operationsby projecting points onto the iso-
surfacede ned by this interpolation.Livnat and Tricoche
[LTO4] proposecdan hybrid methodof iso-contouringbased
on points and triangles.Nested-gridsare employed to tra-
versethe domainand decidewhethera triangle or a single
pointmustberendered.

RecentlyFenchektal. [FGS05 proposedtechniqueor
animatingsurfacesextractedfrom 4D volumetricdata.The
inputof themethods asequencef volumeschangingalong
time. A surfacemeshis extractedusingthe marchingcubes
algorithmandthe dynamicmeshis obtainedby moving the
verticesof thismeshby meansof WLS usingthevolumeas-
sociatedvith thecurrenttime step.Thetechniqués aimedat
animatingdatafrom medicalapplicationsspeci cally from
thebeatingheart.

3 Least-Squalkes,WeightedLeast-Squares,Moving
Least-Squaresand Point SetSurfaces

A PSSof agivenpointcloudP is de ned asthesetof points
p2 R3 for which P(p) = p, whereP is a projectionop-
eratorde ned asfollows: given a pointr 2 RS, its projec-
tion P (r) is calculatedwvith atwo-stepprocessFirst,alocal
planeH (n; g), with normaln andpassinghroughq= r + tn,
wheret is a scalar is found usingeitherMLS [ABCO 01]
or WLS [ZPKGO03, sothatH(n;q) approximateshesurface
in the neighborhoodN(r) P of r. Then,alocal orthonor
mal coordinatesystemis de ned over H(n; ) with origin in
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g, on which a bivariatepolynomialapproximationg(x; y) is
computedby meansof WLS. Then,the projectionoperator
isde nedby P (r) = g+ g(0;0)n=r+ (t+ g(0;0))n.

As statedbefore this processs performedusingthe MLS
and WLS methods.WLS differs from the traditional LS
schemaen thefactthatweightsareintroducedo forcesome
points to have a greaterin uence in the solution. n and
g = r+ tn canbe computedusingWLS by performingthe

following minimization
min & <p (r+tn):n>*wkp
pi2 N(r)

pwk); (1)

where w(X) is a non-ngative monotonically decreasing

¥2
function.FrequentlyaGaussiamv(x) = e » isusedwhere
h representshe local level of detail of the object.Here,the
weighterpoint pw is known a priori (usuallyr).

TheMLS method proposedy LancasteandSalkauskas
[LS81] for smoothingandinterpolatingdata,is a weighted
least-squareschemethat nds notonly thebestapproxima-
tion to the setof weightedpoints,but alsothe bestweighter
at the sametime. Thus, the planethat bestapproximatesa

setof pointsis obtainedby computing
mn & <p (r+tn);n>2wkp;
pi2 N(r)

(r+tnk): (2)

Sinceq is alsothe weighterin w, Equation2 is a non-
linear function. The resultsof the WLS and MLS mini-
mizationsareslightly different.SincetheMLS minimization
nds the bestplanethat approximateghe weightedpoints
andtheweightersimultaneouslythe minimumcanapproxi-
matea tangentplaneto the surfaceat a point, if theinterval
of searchis closeenoughto the setof points.Thisis notthe
casefor the WLS strateyy, which only nds the bestplane
thatapproximateshe weightedpoints. Therefore the MLS
is assumedo producesmootheiPSSandmoreaccuratee-
sults.

4 Extracting Point SetSurfacesfrom Volumetric Data

As statedbefore,in our approachwe usea strat@y inspired
by the predictorcorrectormethodswhich make useof two
numericalapproacheso solve ordinary differential equa-
tions. The rst approachis a “predictor' which provides a
rst rough solution but requiresonly limited information.
Thissolutionis theinputto the corrector'whichthen nds a
nal moreaccuratesolution.Theseprocessesanbeiterated
in orderto improve the solutionobtained PTVF95.

In the study by Amentaand Kil [AKO4b] it is shavn
thatthe enegy functionbasedon WLS stratgjiesis ableto
projectpointsfar from the surface,but the solutionis notas
accurateasthe oneobtainedwith MLS. On the otherhand,
pointsfarfrom thesurfacearenotproperlyhandlecoy MLS.
Thus,we basedur methodon the belief thata combination
of bothscheme# apredictorcorrectorsensavould provide
betterresults.
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The rst stepof our PSSmethodis performedusingWLS
to nd aninitial approximatiorfor the projectionof a given
point “on the surface'. This allows us to deal with points
thatarerelatively far from the surface.As discussedbove,
theweightstraditionallyusedin PSSminimizationschemes
aregivenby somemonotonedecreasindunctionof the dis-
tancefrom the point r to be projectedto the point (voxel)
pi in its neighborhood\(r). However, in this stepwe use
informationon “how closea voxel is to a featurein thevol-
ume' in orderto weighthe voxels p; 2 N(r). The function
gj; j = f1,29 usedto weigh the voxels p; determineghe
featureusedto identify the surfaceandthereforethe surface

generatedlso-surficescanbe generatedvith our approach
iv_f(ei?
by usinggi(pi) =1 e  —, wherev is theiso-value

de ning theiso-surfice, f(p;) is the scalarvalueat p; and
k a smoothingfactor Also, assuminghat regions of inter

estarelocatedat regionsof high gradientmagnitudeaclass
of surfacesthat depictschangesn the material properties

2
canbeobtainedby usinggy(p;) = % . With

theseweightingfunctionsthefollowing minimizationis per
formed
mn & <mp (+)>2qi(p);i=L2 @)
" p2N(r)

After the minimization, a local coordinatesystemis de-
ned by theplaneH(n;g), whereq= r+ tn. Onthislocalco-
ordinatesystemwe useWLS to nd abivariatepolynomial
g(x;y) thatlocally approximateshesurfaceusingasweight-
ing functionqj; j = f 1;29. De ning P (p) astheorthogonal
projectionof a point p on the tted polynomialg(x;y), the
correctorschemebegins by performing

P+t >2Q(p) (4

min
" b2 NP (1)

where Q(pi) = [(a101:2(pi) + aza3(iipi (P (r) + tjj)],

aj+tax=1,qg3(d) = e %2 and h is a smoothingfac-
tor. Then, asin the predictorstep,we nd the projection
g of P (r) onto the polynomial that approximateshe sur
faceonthelocal coordinatesystemobtainedwith thenew n
andP (r). This polynomialis alsocalculatedwvith the WLS
methodusingthe weightingfunction Q. Thus,gwill bethe
nal projectionof r onthepointsetsurface.

< npi

5 Computing and Ray-tracing PSSon the GPU

With the adwent of the Pixel Shader3 model[Mic06], sup-
port for dynamicloops and conditionalbranchingis avail-
ablein theshadestage We exploit this new functionalityto
implementnumericalmethodson the GPU to computeand
renderPSSfrom volumetricdataandpoint clouds.

5.1 Computing PSSfrom volumetric data

To extractaPSSdirectly from thevolumetricdatawerender
viewport-alignedslicesclippedwith theboundingboxof the
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volume,separatedrom eachotherby a distanceof b = kh
(in thedirectionof theview vector),where0:5< k< 1andh
is the smoothingfactorto beusedin g3 duringthe corrector
step.Theideabehindthisoperationis that,sincetheminimal
featuresize of the point setsurfacemustbe greaterthanh,
by takingstepssmallerthanh we ensurethattheintersection
betweereachray andthe surfacewill befound[AA03b].

In orderto reducethe computatiortime, we pre-compute
the pervoxel informationto be usedanddiscardthosefrag-
mentsfor which this information is smaller than a pre-
de ned threshold.For the caseof iso-surficesthis datais
jv - f(pi)j andfor the surfaceslocatedin regions of high
gradientmagnitudaskr f(p;j)k. Thisthresholdnustbelow
enoughto ensurethat a sufcient numberof fragmentsis
usedfor the restof the processTo interpolatethe datain
theshademe use8-bits perchannetextures.Thereforethe
gradientmustbe codedto 8 bits whenthetextureis created
andreconstructeéh the shader

For eachfragmentgeneratedhat passeshe abose men-
tioned test, we perform the following computationscom-
pletely in a singlerenderingpass.In the predictorstepwe
startby minimizing Equation3 with respectto t by taking
n= ﬁ (pre-computedising centraldifferencesltered
with the Sobelgradients Iter) andde ning the pointr to
be projectedasthe position of the fragmentin space.This
representa straightforvard computatiorsincea simplelin-
earminimizationwith respecto a scalarvaluemustbe per
formed.Theneighborsy; 2 N(q) aretheneighboringvoxels
of g= r + tn. Thus,no spatialsearchs requiredduringthe
wholeprojectionprocessAfter t is found,we usecovariance
analysigo nd thenew n. For that,we build the3 3 covari-
ancematrixCy(q) = &panig (P (P &) du2(pi) and

nd theeigervectorassociatedvith the smallesteigervalue
of the matrix, which is the new n. To nd this eigervector
we usetheinversepowermethod[PTVF94.

Thesewo stepsareiterateduntil thechangent is smaller
thanathresholdusingthen computedn thesecondstepfor
minimizing with respectto t in the next iteration. Oncen
andt arede ned, apolynomialapproximatiorto thesurface
is calculatedin a local coordinatesystemde ned over the
planeH(n;q) usingWLS andweightingthe points p; with
g1:2(pi). To exploit the capabilitiesof the GPU to handle
vector operationsfor vectorsof size 4, we usedthe poly-
nomialg(x;y) = AR + By2+ Cxy+ D for thelocal approx-
imation (notethat (x;y) is in the local coordinatesystem).
Therefore the matrix of the linear systento be solvedis of
size4 4 andthuseasilyhandledn theshaderTheprojec-
tion of q on thelocal approximations P (r), which we use
asinputto the correctorstep.

In the corrector step we perform the minimization of
Equation4, rst with respecto t. Sincethis is a non-linear
minimization,we implementedhe Brentwith derivativeal-
gorithm[PTVF9] to performit. Then,t is x edto thevalue
obtainedin orderto nd the new normaln. We choseto

follow the approachusedby AmentaandKil [AKO4a] and
computen as the eigervector correspondingo the small-
esteigervalue of the matrix Co(P () = & p2np (ry) (Pi

P(N)(pi P(r))TQ( pi). Notethatin this casewe usethe
neighborsof P (r) insteadof the neighborsof q aswasthe
casefor the predictorstep.

Thesewo stepsareiterateduntil thechangent is smaller
thanathreshold.Thenwe let g = P(r) anduseit andn to
de ne alocalcoordinatesystenonwhichalocal polynomial
approximationis calculatedwith WLS usingthe weighting
function Q. Thus, the projectiong of g on the polynomial
de nestheprojectionof r onthe pointsetsurface.Then,we

nd the distancebetweeng andr, andif it is lessor equal
apre-de nederror, r is takenastheresultingintersectiorof

theray with the PSS .Otherwiseasin thework by Adamson
and Alexa [AAO3b], we nd the intersectionbetweenthe
polynomialandtheray. If theintersectionis within aregion

of con dencede ned by a ball with radiusb andcenterin r,

theprojectionprocesss startedagain takingtheintersection
foundasthenew r. Thisprocesss repeatedintil thedistance
betweenthe projectionandr is lessthanthe error, or the
intersections outsidethe ball. In the lastcasethe fragment
is killed, which, sincewe usedepthtests,will simulatethe
jumpto thenext ball usedby AdamsonandAlexa.

5.2 Ray-tracing PSSfrom point clouds

A similar approachasthe oneusedfor volumesis takenfor
ray-tracingpoint set surfacesextractedfrom point clouds
on the GPU, with the differencethat the computationis
spreadcalongmultiple rendempassesiueto the needfor spa-
tial queries.Also, sinceno interpolationis needed32-bits
perchanneloat texturesareusedto storethedata.

Theprocesss describedelov whereeachsteprepresents

a renderingpass.As in the work by Adamsonand Alexa
[AA03b] we de ne balls aroundthe samplepoints, which
will be renderedduring the steps’intersection’, form co-
variancematrix', and form systemfor polynomial tting'.
Duringthesteps nd normals'and solwe linearsystemand
nd projection’ we rendera quadcovering the entire view-
portto generata fragmentperray. Thestep’initial approx-
imation' is performedonly onceasa pre-processingtep.

Initial approximation. In this renderpasswe calculate
local polynomial approximationdor eachsamplepoint p;.
For this, we rendera singlequadto generate fragmentper
samplepoint. Eachfragmentcalculatesthe corresponding
local polynomialfollowing similar stepsasthe describedn
the previous subsectionput using Equation?2 for the mini-
mization.Sincethe pointto be projecteds the samplepoint
itself, andis thus nearthe PSS,we assumd = 0 andcal-
culatethe normaln usingcovarianceanalysisOncen is de-

ned, thepolynomialis approximatedn thelocal coordinate
system(built using p; asthe origin andn asoneof thevec-
torsof the orthonormabasis) with p; asr andusingneigh-
borhoodinformationpre-storedn a 3D textureto obtainthe

¢ TheEurographic#ssociation2006.
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neighborsp; of the samplepoint p;. Theresult(coefcients)
is renderedo a 32-bitsperchannel oat texture for further
use.

Intersection. Thenearesintersectiorof eachraywith the
localpolynomialsstoredatthesamplepointsde nesour rst
approximatiorof theintersectiorof theraywith thepointset
surface.To nd thisintersectionyerenderviewportaligned
discswith radiusb asshawvn in Figurel (asa 2D example).
Eachfragmentbelongingto adisccalculategheintersection
of theray that passeshroughit with the polynomialstored
attherespectie samplepoint (top-rightzoomin the gure).
For this, we transformthe ray into the local coordinatesys-
tem, de ned by a andc in our 2D example,wherec is the
normaln calculatedn the rst stepof thealgorithm.If there
is no intersectionor if the intersectionis outsidethe ball,
thefragmentis killed. Thus,usingdepthtestswe obtainthe
nearesintersectiorr of theray with thelocal polynomials.
Oncer is determinedandstoredin a oat texture,we nd its
projectionon the point setsurface.This is donein the four
next steps.

Figure 1: Calculating the intersectionof the ray with the
local approximationstoredin eac samplepoint.

Form covariance matrix. Sincethe pointr foundin the
last stepis assumedo be reasonablycloseto the PSS,we
sett = 0 and nd n usingcovarianceanalysis.For that,we
mustform the covariancematrix usingthenearesheighbors
of the pointr. Sinceperformingk-nearesneighborsspatial
searchegs expensve we optedfor performingarangequery
by renderingdiscswith a radiusr sufciently large to in-
uence the pointsin the neighborhoodf eachpoint, being
r = 2h a good estimatefor homogeneouslgampledpoint
clouds.

Eachfragmentgeneratedhis way calculatests distance
to the intersectiorpoint on the ray passingthroughit in or-
derto ensurethatit is in the neighborhoodf the intersec-
tion. In Figure 1 the zoomeddisc in uences the intersec-
tion point on the ray sinceit is within a distancer (b in
the gure), whilst the in uence of the disc in the backis
discardedby meansof a kill instructionfor the fragment
throughwhich the ray passesEachfragmentbelongingto
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the disc correspondingo p; that passeghe proximity test
calculategp; r)(pi r)Tw( pi r). Theresultsof thefrag-
mentsin the neighborhoodf r areaccumulatedisingone
to oneblendingto threel6-bit-perchanneloat texturesthat
holdthe3 3 matrix (sinceblendingto a 32-bit-perchannel
textureis prohibitively slow).

Find normals. In this stepwe rendera singlequadcover
ing the viewport to generatea fragmentper ray. Eachfrag-
ment calculatesthe eigervector associatedo the smallest
eigemvalue of the matrix obtainedin the previous step,us-
ing a GPU implementatiorof the inversepower methodas
in thelastsubsectionTheresultis writtento a oat texture.

Form systemfor polynomial tting . Oncethe normal
at eachintersectionpoint is found, we must calculatethe
polynomial approximationusing WLS. For that, we form
a linear systemwhich solutionwill give us the coefcients
of the polynomial. The processs similar to the one of the
step “form covariancematrix' with the differencethat the
valuecalculatedby eachfragmentbelongingto thedisccor

respondingo p; is twofold,a4 4 matrixw(p; r)aaT and
avectorw(p; r)a of size4, wherea= [(p; r))2< (pi
NZ (p Nx(pi Ny 1. Theseresultsare accumulated

by meansof blendingto four oat texturesto beusedasin-
putfor thenext step.

Solvelinear systemand nd projection. Thelinearsys-
tem formed in the last stepis solved in a further render
passby renderinga quadcovering the viewport. Eachfrag-
ment(ray) solvesthe respectie linear systemusing conju-
gategradient[PTVF9]. Then,theintersectior is projected
ontothe polynomial.If the distancebetweenthe projection
g andr is smallerthan a threshold,the intersectionof the
ray with the surfacehasbeenfoundto ber. Otherwise the
intersectiorof theray andthelocal approximations calcu-
lated.If theintersectionis insidethe ball with its centerin
theoriginal samplepoint p; andwith radiusb, we write this
intersectioninto a oat texturein orderto useit in the next
iteration.

The next iterationstartsin the step’intersection'where,
from thesecondterationon, we checkif theresultof thelast
iteration(i.e. theresultof “solve linearsystemand nd pro-
jection') is alreadythe intersectionwith the PSS, in which
caseno further processings donein ary of the following
steps.Otherwise|f the resultof the lastiterationis a valid
intersectionpoint within the ball de ned by p; andb, the
following stepsare performedusingthis intersectiorasthe
new pointr. If not,we nd thenearestntersectionafterthe
currentr, betweenthe local approximationandthe ray by
meansof depthtestsasin the rst iteration,killing all frag-
mentswith depthlessor equalthe depthof the currentr.

Asreportecby AdamsorandAlexa[AA03b], twotothree
iterationsareneededo nd all intersectingoointsbetween
the primary raysandthe PSS.It is importantto notethatin
the caseof calculatingtheintersectiorbetweerthe PSSand
asetof raysthatarenot consistentlyorientedasthe primary
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rays(e.g.secondaryays)the searchfor the intersectionin

step intersection'mustfollow anotherstratgy. We useda
naive bruteforce schemegheckingall local polynomialap-
proximationdor eachray (fragment) This canbeperformed
usingnestedoopsand/omultiple renderingpassesSincein

thiscasait is notpossibleto performtherangequeriesasde-
scribedabove, we proposeto usethis rst intersectionasa
roughapproximatiorof theintersectiorbetweertheray and
the PSSfor secondarye ected, refractedandshadaev rays.
Thus, for thesesecondaryays noneof the four remaining
stepsis performed.

6 Results

In thissectionwe will presentenderingandperformancee-
sultsof themethodswe proposedAll testswerecarriedout
on a standardPC with a 3.4 GHz processqr2GB of RAM
andanNVidia 6800GT graphicscard.Thesizeof theview-
portusedfor the performancemeasuremenWasSlZz.

@ (b) ©

Figure 2: TheBudky Ball dataset(a) The nal resultof ap-
plying the predictorcorrector method.(b) The points pro-
jected by the predictor at a distancegreater than a pre-
de nederror are shownin red (seecolorplate).(c) Theout-
put pointsfromthe predictor projectedby the correctorat a
distancegreaterthantheerror are shownin green.

In Table1 we presenthe resultsobtainedfor the extrac-
tion of surfacesfrom volumetricdataperformedusingonly
the predictor step and the extraction performedusing one
iteration of the predictorand one iteration of the corrector
stepsAs canbenoticedin thetable,the correctorstepadds
asigni cant overheadn the processingime. Althoughthis
stepimprovestheaccuray of theresult,for interactve appli-
cationswhereprecisionis not important,the predictorsuf-

ces to generatanalreadygoodapproximatiorto the PSS.
This factis depictedin Figure2 wherethe effect of the pre-
dictorandthecorrectorstepsontheinput points(fragments)
is shavn. Thepredictorstepprojectsasigni cant percentage
of the pointsatadistancegreatethanapre-de nederrorwe
setto testthis effect. On the otherhand,althoughthe effect
of thecorrectorstepover the pointsalreadyprojectedby the
predictoris reducedo a smallamountof points,this further
projectioncould be importantfor applicationswherepreci-
sionis themainconcern.

Size Predictor PredictorCorrector

Dataset (voxels) [fps] [fps]
CadaerHead 2562 154 0.95 0.02
Engine 256 110 1.16 0.03
Fuel 643 3.57 0.08
Bucky 38 7.16 0.17

Table 1: Performancen framesper secondor the PSSex-
tractionfromvolumetricdatamethod.

Size Ray-tracingPSS

Dataset (points) (2it.) [fps] (3it.) [fps]
StanfordBunry 35947 6.62 5.30

Horse 48485 5.40 4.00
SkeletonHand 109108  2.38 1.17

Table 2: Performancen framesper secondor thePSSray-
tracing (2 iterationsand 3 iterations)method.

Figure 3: PSSextractedfor the Engine and the Cadaver
Head datasetsusingthe gradientmagnitude (top) and iso-
values(bottom).

For thetestsperformedwith theray-tracingalgorithmwe
useda singlere ection secondaryay anda depthof 2. The
resultsof thesetestsare shavn in Table 2. The useof sec-
ondaryraysin ourimplementations currentlylimited by the
lack of a properdatastructurefor performingrangequeries
efciently on the GPU. Therefore,the inclusion of sucha
datastructureis of majorimportance.

Neverthelesstheresultsobtainedfor bothapproacheare

¢ TheEurographic#ssociation2006.
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promisingconsideringthe compleity of the computations
involved. Although the implementationfor extracting PSS
from volumetric datais not interactive for the predictor
correctorcase,the processingime is considerabldow in
relationthe large amountof fragmentsprojected.Also, the
renderingsreof considerablguality asshovn in Figures3,
4 and5.

Figure 3 shavs renderingf surfacesextractedwith our
methodfrom the Engineand Cadaer Head volumes.For
generatinghe surfaceslocatedat regionswith high gradi-
entmagnitudewe projectedonly thosefragmentgor which
thesquareof thegradienthormalizecbetweerD and1, was
greaterthanO:5. For theiso-surhceswe discardedhefrag-
mentsfor whichjv  f(p;)j did notsurpassethethreshold.

Figure4: GPU-baseday-tracingof PSSfor theHorsepoint
cloud.

Forthecaseof pointclouds ray-tracingaPSSonthe CPU
could be prohibitively slow, whilst we achiezed up to 6.62
fps for the StanfordBunny usingour GPU implementation
with 2 iterations.In the caseof 3 iterationsthe framerate
droppedto 5.3 fps for the Bunry. However, 2 iterationssuf-

ce to generatea high-qualityrenderingasshavn in Figure
4. This advantagecould be exploited for accuraterendering
of surfacesmodeledaspoint cloudsextractedfrom different
sourceslike medicaldata.For instancetheverticesof asur
facemeshgeneratedrom MRI databy meansof traditional
methods suchasmarchingcubesor surfacereconstruction
techniquesappliedover the result of a sggmentationalgo-
rithm, could be usedasinput to our ray-tracingalgorithm.
This will provide a smoothnoise-freerenderingof the iso-
surfaceextracted Figure5 shovs anexampleof this process
for the Kneedatasetwherewe droppedthe topologyof an
iso-surbcemeshgeneratedvith marchingandray-tracedhe
PSSde ned by its vertices.

7 Conclusionand Futur e Works

The adwantagesof PSSover other surface representations
for point cloudsare clear namelythe fact that the surface

¢ TheEurographic#ssociation2006.

Figure 5: PSSfor the verticesof an iso-surfacemeshex-
tractedfromthe Kneedatasetwith marching cubes.

is 2-manifold, the ability to dealwith low-frequeng noise
andthe locality of the computationsHowever, PSSstrate-
giesarenotlimited to cloudof pointsasprovenin thiswork,
wherewe employ PSSstrat@iesto modelthree-dimensional
surfacesdirectly from volumetricdatabasedon a predictor
correctorstratgy. Our methodwascompletelyimplemented
on the GPU, achieving relatively low computationtimes
for the volumestestedwith the predictor step. When the
predictorcorrectorapproachs used althoughthe computa-
tion time increasesmore accurataesultsareobtained.The
decisionof whetherusingthe fasterpredictoror the more
accurateredictorcorrectorapproachwill dependf theap-
plication.

There are at least three possibleimprovementsto this
method.The rst is relatedto the volumetric dataclassi -
cation,wherewe intendto testclassi cationstratgiesbased
oncornvolutionsandwaveletsschemesThesecondmprove-
ment involves the minimization stratgjies to handle very
noisydataandsharpcorners Thelastaspecis thedevelop-
mentof moreef cient weightingfunctions,capableof han-
dling non-homogeneousamplingdensities.

We alsodevelopeda GPU-baseday-tracingalgorithmfor
renderingPSSfrom point clouds, which achieves interac-
tive frameratesfor up to 100000points.The mostimportant
problemfoundin this casewasthe costof therangegueries.
The lack for an ef cient GPU-basedlatastructureto store
thepointsin ourimplementatiorforcedusto spanthe com-
putationalongmultiplerenderingpasse$or theprimaryrays
andlimit the useof secondaryays.We planto includesuch
astructurein ourimplementatiorin the nearfuturein order
to acceleratéhe computationgndin orderto beablehandle
secondarandshadaev raysef ciently .
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