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Abstract

\\e proposea hew surfacerepresentatiordeliveringan accuiate approximationto a setof pointsscatteed over
a smoothsurfaceby SparseLow-d@reelM plicits (SLIM). TheSLIM surfacerepresentatiorconsistof a spaise
multi-scaleset of nonconformingsurfaceprimitives which are blendedalong view rays during the rendering
phase This new representatiorieadsto an interactivereal-timevisualizationof large-sizemodelsand delivers a
betterrenderingquality than standad splattingtechniquesbasedon linear primitives. Further, SLIM allows us
to achieve a fastand accuiate estimationof surfacecurvatue and curvatue derivativesand, therefore, is very
suitablefor manynon-photoealisticrenderingtasks.Applicationsto ray-tracingand surfacesmoothingare also

consideed.

1. Intr oduction

Ef cient approximation representationand processingof

comple large-sizesignals,images,and shapess of pri-

mary importancein mary information-processingreas.
Sparseapproximationtechniquesaimed to build an eco-
nomical and accurate representationof an input sig-

nal as a combination of elementary signals have be-
come increasinglypopular in signal and image process-
ing [CDSO0] (seealso referencesherein). Sparserepre-
sentationsof 3D shapesand, in particular 3D point scat-
tereddatahave receved so far considerablylessattention
althoughradial basisfunctions[ SPOK95 TO99, CBC 01],

partition of unity [OBA 03, OBS048, moving least
squares[ABCO 01, AK04, SOS04, and point splatting
[PZ 00, RLOO, KVO01, BSK04 surfacerepresentatioech-
niquest in theframework of sparsesurfaceapproximations.

In this paperwe proposeanovel sparseshapeepresenta-
tion which approximates scatteredetof pointsby Sparse
Low-degreelMplicits (SLIM for short).Following the gen-
eralapproactof [PZ 00] letusde ne asurfaceelementsur
fel, asthetriplet

s=(cr;f(¥); @
wherec is the centerof aball of radiusr and
f(x)=0 (2

deliversalocal surfaceapproximatiorinsidethe ball. Given
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Figure 1: A SLIM-basedappmoximation of the Stanfod
Happy Buddhamodel consistingof only 25K cubic sur
fels. Left: the surfel balls are colored accoding to their
sizewhich deceasesrom blue to red. Middle: The model
is shadedusingthe r st-order surfacederivatives Left: the
meancurvatue map.

face in R3 and equippedwith normals, our SLIM rep-
resentationconsistsa sparseand hierarchicalset of sur
N, and delivers an accuratemulti-
resolution shape adaptve approximationof the surface.
Sincewe wantto achieve aninteractie real-timevisualiza-
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tion of large-sizemodelg LPC 00], we uselow-degreepoly-
nomials(quadratia@andcubic)aslocal approximationsn (1).

TheSLIM surfacesarenotglobally smooth(they areC 1
smoothin terminologyof [WKO04]) sincethey arecomposed
by nonconformingoverlappingsurfels(1) (ananalogywith
cabbagdeavesseemsappropriatenere).lt is worth to men-
tion herethat approximatingsurfacesby a set of noncon-
forming smoothelementss now a standard=EM technique
(the so-calledvariationalcrime) for numericalsolving hy-
drodynamicsandthin-plateproblemgBS03.

Oncethe SLIM representationf a givensurfaceis built,
we achieve a fasthigh-quality surfacerenderingby blend-
ing local approximationg2) alongview rays. Furtherwe
estimatesurfacecunvaturesusingthe sameblending-along-
view-raysprocedureappliedto derivativesof local approxi-
mations(2).

Figuresl, 2, and 3 demonstratenerits of the SLIM ap-
proachin high-quality rendering(photo-realisticand not)
andaccuratecurvatureestimation.

Figure 2: Shadingand re ection lines are usedto reveal
the quality of approximations.Top: SLIM appoximations
of a sphee with linear and quadmtic surfaceelementsthe
sphee is approximatedby 128linear surfels(left), 4501in-
ear surfels(middle), 105 quadmatic surfels(right). Bottom:
re ection lineson the Phong-shade&tanfod Buddhamesh
consistingof about1M triangles(left) andona SLIM-based
appoximationof the modelwith 50K quaditic primitives
(right).

While most of componentsof our approachare rather
known (our hierarchicakepresentatioof splatsis similarto
thatof [LPC 00Q], ourlocal tting proceduras anextension
of thatdevelopedin [OBS041), theideaof usinghigh-order
local approximationgor betterrenderingwasalsoexploited
in [KV01], variousblending-along-vie-raysschemesvere
usedn [PZ 00, SJOQ PSGO04, andonly theideaof blending
of derivativesof local approximationg2) seemsompletely
new), it deliversa uniquecombinationof fasthigh-quality
renderingandinteractive cunaturefeaturedetection.

In the eld of interactize high-quality surface splatting,
themaincompetitorof ourapproactareDifferentialPoints

of Kalaiah and Varshng [KV01] and PhongSplatting of

Botschet al. [BSK04. Roughly speaking,both Differen-
tial PointsandPhongSplattingdeliver a quadraticaccurag

in surfaceapproximationHoweverrenderingwith quadratic
patcheqor usingequivalently accuratdinear patchesn the
spaceof surfacenormals)fails to deliver accurataesultsin

a smallvicinity of the surfacecurveswith vanishingGaus-
sian cunvature (the so-calledparaboliclines) where a cu-
bic accurag approximationis required[OY93]. In contrast,
guadraticand cubic patchblendingproceduresisedwithin

the SLIM approachare capableto deliver higherordersur

faceapproximations.

Our simple SLIM-basedprocedureof estimatinghigh-
ordersurfacederiativesleadsto arobustandfastdetection
surfacefeaturesbasedon curvaturesand curvaturederiva-
tives. For large-sizemodels,it can competewith suchso-
phisticatedfeature detectiontechniquesas one proposed
recentlyin [DFR04. This makes our approachextremely
usefulfor variousnon-photorealisticenderingapplications
[GGO01, DFRS03.

TheSLIM surfacerenderingoolkit accompanping thepa-
perallowsthereadeto verify ourclaimsmadeabore. Dueto
anout-of-corepreprocessingtageandsparsityof the SLIM
surfacerepresentatiorpracticallythereis nolimit to thesize
of modelsto be processedvith thetoolkit.

In this paper we also demonstratehat the projection-
basedramework of our SLIM-basedshadingapproact(see
Section 3 for details) can be easily combinedwith ray-
tracingrenderingechniques.

Finally, to stressmportanceof our approactto geomet-
ric modelingtasks,we considera simpleapplicationof the
SLIM-basedsurfacerepresentatioto surfacedenoising.

Figure 3: Shadingof - anddetectingsugyestivecontous on
- a lower part of the David statuemodelrepresentedas a
SLIM surfaceat differentlevelsof detail.

2. Creating SLIM surfacerepresentation

The SLIM representatiof a smoothsurfaceconsistsof a
set of surfels(1) delivering overlappinglocal approxima-
tions of the surface.Our approachto generatinghe SLIM

representatiocan be consideredasa multi-scaleextension
of the methodof generatingan adaptie partition-of-unity
surfaceapproximatiorf OBS04§ andconsistof threecom-
ponentsselectingacenterc of anew surfels, computingthe
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surfel radiusr, determiningthe correspondindocal poly-
nomial approximationf(x) = 0. Looselyspeakingwe rst
selectrandomlya new surfel centerc amonghosepointsof
P which are not sufciently coveredby the alreadycon-
structedsurfels.Thenwe searchanoptimal r suchthatthe
local approximationf (x) = 0 (which dependsn ¢ andr)
minimizesa certainerrormetric.

Local polynomial approximation. Given the two rst
component®f a surfel s de ned by (1), our taskis to con-
structthe third componentlocal polynomialapproximation
f(x). Variousschemedor local polynomial tting werean-
alytically and experimentallystudiedin [CP03 G104]. For
our purposesthe following simple proceduresufces. First
the surfacenormalat surfelcenterc is roughly estimatedy
averagingthe surfacenormalsassignedo the pointsof P
from the surfelball fj p ¢j < rg. Thenalocal coordinate
system(u; v;w) with the origin at c is introduced suchthat
theplane(u;v) is orthogonalo the normalatc. Finally, the
bi-quadratigpolynomialassociateavith surfelsis givenby

f(X)=w  apu?+ 2a5uv+ agV? + aju+ av+ o ;
where,x = (u;v;w) andthe unknownn coefcients aredeter
minedby minimizing the sum3a w; f(p;)? takenover P s =
P \ fjc pj< rg. Herew areGaussian-lik weightspe-
nalizing pointswhich are“too far” from surfelcenterc. Es-
timatingthelinearandcubiclocal surfaceapproximationss
similar.

Optimal surfel radius. Giventhe surfelcenterc we deter
minethesurfelradiusr usingaslightly modi ed versionof
the MDL-basedprocedureproposedn [OBS04H. The ab-
breviation MDL standsfor the Minimal DescriptionLength
principle, a scienti ¢ generalizatiorof Occams razor Let
e(r) denotea local L2 error measureestimatingthe devia-
tion of pointsP s from local approximationf(x). We con-
sideraregularizationof e(r )2

E(r)= e(r)?+ [ (Tyo.=r)%; 3)

where/ is constantand parametefT,,, is a userspeci ed
parametemvhich controlsthe trade-of betweenthe sparse-
nessand approximationquality. Indeedthe secondtermin
the right-handside of (3) preventsover tting and penal-
izesthe numberof primitives usedto approximateP , see
[OBS04} for a statisticalnatureof suchregularization.To
determinel in (3) we computethe smallesteigervalue of
the co-variancematrix for eachpointof P with its tennear
estneighborsandset/ equalto the arithmeticmeanof the
eigervaluesover all the pointsof P .

The imagesof Figure 4 shaw typical behaiors of func-
tionse(r) andE(r) for surfaceregionsof variousgeomet-
ric complity. We emphasizéerethattheboththeenegies
e(r) andE(r) may have multiple minima. We useBrent's
method[PTVF93 to nd essentiaminimumsof E(r). The
methodis basedon parabolicinterpolationand startsfrom
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threepointsr| < rm < ry suchthatthevalueof E(r) atthe
middle point is lessthanits valuesat the end points. Mo-
tivatedby the right imageof Figure 4 we alsorequirethat
e(ry), e(rm), ande(ry) bemonotonicallyincreasing:

E(r1) > E(rm) < E(rr) ande(r|) < e(rm) < e(rr): (4)

Figure 4: Graphsof E(r) and e(r) for surfaceregionsof
differentgeometriccompleity.

Apparentlyit is notobvioushow to determinghedesired
triplet (ry;rm; rr) in practiceln thefollowing, we useaslid-
ing sggmentstratgyy for detectingessentiaiminima of (3)
andbuilding a tree-like hierarchicalsurfel-basedhaperep-
resentation.

Multi-scale surfel-basedapproximation. Letusdenoteby
L the main diagonalof the boundingbox of P , setrg =
L=10,andgenerata sequencef overlappingsegments

K. . K. (K _ ro(g gt gk 1y: (5)

rerm*sre
whereg = (p 5 1)=2isthegoldenratio,asseerin Figure5

Figure 5: Slidingintervalsfor minimum nding of E(r).

To ensurahatasetof surfelregionsB = fbjg, bj = fj x
Cjj < rjg, deliversa sufcient cover of P , for eachx we
introduceanoverlapmeasure

oBix)= & Grkx cjk);
b;2B
whereGg,(r) = G(r =R;) isaGaussian-lik functionwhose
tails aresmoothlysplinedto zeroandR; = ar . This addi-
tional parametea playsanimportantrole in our rendering
schemeand will be discussedn the next section.We say
thatpointp 2 P is g-coveredby B if o(B ;p) g Wehave
foundthatg= 0:1 workswell for all modelswe tested.

An initial setof ballsB 1 is choserasfollows. Initially all
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the pointsof P aremarked asuncovered.We pick c 2 P
randomlyandremove from the setof uncoseredpointsthose
points pj for which fk p; ¢k < rgg. Thenwe chosean-
otheruncoveredpoint andrepeatthe whole procedureuntil
no pointsof P remainuncovered.

For each selectedpoint p we dene a surfel s =
(c;r; f(x)) whoseradiusr is determinedy minimizing (3)
with the triplet (5) with k = 1. Surfel s de nes a node at
thelevel k= 1. If boththe conditionsof (4) aresatis ed,a
valueof r minimizing (3) on [r;r(] is found and assigned
to the surfelswhichis consideredisa leaf node.Otherwise
r = ry is assignedo the surfel. This procedurecreategwo
families of surfels:the leaf surfelswhoseregions are balls
B 1 andremainingsurfelswhichwill sene asinternalnodes
in atree-like structurethatwe arebuilding. We call thelatter

internalsurfels.Thelocal approximationsf (x) of theinter

nalsurfelsatlevel k= 1 arefoundwith r = rr( D= ro.

On subsequenlevels k, partsof the input point set P
are coveredby the balls of the setsB 1;:::;B 1. There-
mainingpointsareuncoered(moreprecisely coveredonly
by theregionsof internalsurfels).As on the rst level, ap-
proximationcentersarechoserrandomlyfrom the setof un-
coveredpointsuntil a covering setof centersfor level k is
constructedThe ballswhoseradii aredeterminedisingthe
triplet (5) satisfying(4) form B  andtheir surfelsare con-
structed Theremainingballs arethe surfelregionsor inter-
nal surfelswhoselocal approximationd (x) areconstructed

with r = r( W = rogk 1 Thepbrocedures repeatedintil all
pointsP arecoveredbyB = (B.

At the next stage,a renderingtree-like structureof balls
andtheir surfelsis built. The internalsurfelsat level k are
connectedwith surfelsat the (k+ 1)-level: a link between
aninternalsurfels= (c;r; f) atthelevel k anda surfels=
(c®r 0 £9 (eitherleafor internalone)at the (k+ 1)-level is
createdif c@lies insidethe region of s, asdemonstratedh
theright imageof Figure 6. Finally, a ball enclosingall the
constructedballsis addedastherootnode seetheleftimage
of Figure6.

level0- - - - 0- - - - - -

level 1-< 0- - 0-0- -

level 2- 0o - - - ® O ““"‘t""’

Figure 6: Surfel/balltree-like structue built for multi-scale
rendering Left: theleaf nodesare coloredin red.Right: es-
tablishinglinks betweertwo subsequerievel of the hierar-

chy of surfels(balls).

Figure 7 visualizeshuilding the surfel hierarcly for the
StanfordHappy Buddhamodel.

3. SLIM-based Shading

As mentionedin Introduction,typically the primitivesof a
compositeimplicit surface (RBF/PU/MLS) are blendedin

k=2 k=3 k=4 k=5 k=6
Figure 7: Convertinginternal surfels(blue)into leaf surfels
(pink) for the Stanfod HappyBuddhamodel.

space Usually direct renderingof suchcompositeimplicit

surfacesis computationallyexpensve: blendingsimplesur

faceprimitives leadsto an algebraicallyand geometrically
complex surfacefor which the basicrenderingproblem,an
accuratedetectionof intersectiondetweena ray anda sur

face,hashigh computationatompleity. Seetheleft image
of Figure8.

Our simple, yet effective ideais to rst nd the inter
sectionsbetweena viewing ray and the few low-degree
(quadratic/cubicpolynomial patchescorrespondindo sur
fels closestto the viewer andtheninterpolatethe resulting
pointson theray, asshavn in the right imageof Figure 8.
Thisis in asensesimilarto splatting[ZPBGO0] whenlinear
functionsare used,however, herewe useweightsthat are
derivedfrom the constructiorof therepresentation.

Figure 8: Left: blendingsurfaceprimitivesin spacegreatly
complicategpractical detectiorofintersectionswith viewing
rays.Right: blendingof intersectionsetweersurfaceprim-
itivesandviewing raysis computationallysimple

Generating intersections on rays. Given a ray, we rst

needa ray point § that is expectedto be closeto the re-
sulting ray-surfice intersection.Once § is determined,a
set@-supportedsurfelsfs = (ci;ri; fi(x)) : k§ ck< rig

is collected.For eachsuchsurfel, intersectiong; between
fi(x) = 0 andtheray is computedif thereareseveralinter

section,we choosethe oneclosestto §). Thenthe resulting
intersectiorontheray is obtainedby simpleaveraging:

_ aGr(kgi ck)agi ©)
aGr(kg cik)

Differential propertiesof the individual implicit primi-
tivesfj(x) = O areaveragedn thesameway, andcanbeused
to computenormalsor cunvatures.For example,the normal
in g is setto
6k Nfi(a)
k) Nfi(gik’

- a Gfi (in
ka Gr, (ka;

@)
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asdemonstrateth theleft imageof Figure9.

Figure 9: Left: computingnormalsfor SLIM-appoximated
surfaces.Right: illustrating our forward renderingproce-
dure. Theredcirclesare usedto markinitial approximations
gs. Thegreendot andgreenarrow denoteintersectionq de-
ned by (6) andits normaln determinedy (7), respectively

Forward rendering. Computing(6), (7) anddeterminingg
canbe efciently performedusinga forward renderingap-
proachincluding a z-buffer. Our renderingmethodconsists
of two stageskFirst, all primitivesare forward projectedto
determinea lower boundon the z value per pixel, andthen
the surfels supportingthe front-most points are evaluated
andaveragedn eachray.

In the rst stagea point §uy for eachpixel (u;v) is com-
puted.Thedepthof §yyisinitializedto thefarclippingplane.
Thenall leafsurfelss = (cj; ri; fi(X)) areprojectedo thez-
buffer asfollows:

Stepl: Projectthea-shrunlensurfelregionkx cik < Rj,
Rj = arj, tothescreerspace.
Step2: For eachpixel (u;V) in the projectedregion:

Step2.1: Findthe rst intersectiorf of fj(x) = 0 andthe
view-raythrough(u; v). If thereis nointersectionthen
continue

Step2.2: If the depthof § is lessthanthe depthof gy,
setfuy = §.

Hereandeverywherebelov we usethecontinue — state-

mentin the standardrogrammingsense.

A kind of a-trimmingin Stepl is usedto excluderegions
thatare only minimally supportedoy the surfels.Basedon
our numericalexperimentsye recommendo seta = 2=3.

Therightimageof Figure9 illustratescomputingguy-

During the secondstage,we compute(g-position) and
(g-normal)asfollows. The variablesSquy, Sguv, and Swyy
usedbelon storesumsrequiredto evaluate(6) and(7) and
areinitializedto zero.

Stepl: Projectthesphericakupportregionkx cik< rjto
thescreerspace.
Step2: Foreachpixel (u;V) in theprojectedsupportregion:

Step2.1: If kGuy ¢k rj, thencontinue

Step2.2: Find closestto § intersectionqyy between
fi(x) = 0 and the correspondingview-ray through
(u;v). If thereis nointersectionthencontinue

Step2.3: Computethe gradientgyy = Nfi(quy) andthe
spatialweightw at quy.
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Step2.4: Squvt = Wduv, SQuvt = WGuv, SWuyt = W.

After traversingall balls,we performnormalizationsgyy =
Swqu=Swyy andnyy = Sguv=kSguk, for eachpixel (u;v)
with Swyy 6 0. Finally, Phongshadings used.

View dependentre nement. So far we have simply pro-
jectedthe surfel regionsto the screen.This might resultin
mary (very small) surfels projectedto one pixel. It is un-
likely thatthis is necessaryor a goodvisual result. So our
tree-like structuredescribedn Section2 is usedfor imple-
mentinga view-dependenLOD re nement.We simply tra-
versethetree-like structureaslong as

the surfel region (ball) correspondingo the nodeinter
sectgheview frustum,

andthe size of the surfel region projectedon the screen
spaces largerthanafew pixels(four pixelsin our current
implementation).

We payno specialattentionto the contours.

LOD shadingof SLIM-approximatedimm David statue
is illustratedin Figure10.

Figure 10: LOD shading of SLIM-appoximated David
statue Left: 730 650 pixels, 1.7 sec.Middle: 590 650
pixels,1.0 sec.Right: 250 650 pixels,0.4 sec.Theimage
heightsare equaland about650 pixels.Computationsvere
performedona 3.0GHzPentium4 CPU.

4. Results& Discussions

In Figures2,11, 12, 13, and17 we usere ection lines, sug-
gestve contoursandcrestlines[DFRS03, cunvaturemaps,
andshadingdor demonstratin@dwantage®f the quadratic
andcubic SLIM approximationsand comparingthemwith

eachother

Tablel presentsiumbersf leafsurfels thresholdvalues,
computationatime measurementtor quadraticand cubic
SLIM approximation®f variouspoint datasetsNotice how
compacthe SLIM shapeepresentatiors.

The renderingresultsof our approachdemonstratehat
unconnectechigher order primitives do representa very
goodcompromiséetweera usefulmodelingrepresentation
andthe possibility of direct,fast,high quality visualization.
In addition, differential information is readily available in
every pixel, and canbe usedfor NPR. Further it turnsout
thata separatdlendingof surfacederivativesoftenleadsto



Y. Ohtale & A.Belyaes & M. Alexa/ SLIM Surfacesand Their Applications

Figure 11: Two left images: the original Phong-shaded
meshmodel of the Stanfod dragon (871K triangles) and
its sugyestivecontous computedn the image plane Two
right images: the modelis SLIM-appoximatedusing 44K
quadmatic surfels. The suggestivecontous (also drawn in
theimage plane)are mud cleaner

Figure 12: Quadmtic (left) vs. cubic (right) SLIM approxi-
mations.Top: coloring by kmax, the maximalprincipal cur-
vature. Bottom: blue ridges consistingof kmax-maximaand
redravines.Using cubic SLIMsleadsto a bettercurvatue
featue detection.

Figure 13: High-quality suggestivecontous (left) andcrest
lines (right) are easilydetectecbn SLIM-appoximatedAr-
madillo (middle). Thesefeature lines are computedn the
image spaceassugyestedby DeCarloetal. [2003].

a betterestimationof differential surface attributesthan a

corventionalapproachconsistingof surfacereconstruction
andthenestimatingdifferentialcharacteristicef the recon-

structedsurface[OBS04aGCOO0]. It is especiallytrueif a

partition-of-unityreconstructions usedandadwantage of

a wi(X)D[fi(¥)] awi(x)fi(x)

awi(x) & wi(x)
whereD is alinear differential operatoy are obvious. Here
f fi(x)g denotdocal surfaceapproximationgndf w;(x)g are
blendingfunctions.The sketch of Figure 14 and Figure 15
illustrate advantagesof the left approximationin (8) over

®)

over D

the right one (PU) for D = N in the blending-along-viev-
rayscaseFiguresl6 demonstratethatthesamedeawith D
usedto denotethe matrix-valuedoperatorthe second-order
derivativescanbeappliedfor robustcunatureestimation.

/View direction

V.

Figure 14: lllustrating advantaesof the left approximation
in (8) over the right onein the blending-along-vie-rays
caseD= N.

Figure 15: Left: shading wr.t. normals obtained via
blending-along-vie-rays (the left equationof (8)). Right:
shadingw.r.t. normals estimatedfrom a partition-of-unity
surfacereconstructior(theright equationof (8)).

Figure 16: Coloring by meancurvatue. Blending-along-
view-rays of 1st- and 2nd-oder derivativesis used for
quadmatic (left) and cubic (middle-left) SLIM primitives.
Necessaryerivativesare estimatedaccoding to the right
part of (8) with quadmtic (middle-right) and cubic (right)
surfacepatces.

In Figures12, 16, and 17 we compareapproximation
propertiesof SLIM surfacescomposedf quadraticandcu-
bic patchesUsing cubic patchesallows for slightly better
shadingresultsandgivesa signi cant improvementin esti-
matingsurfacecurvaturesandcurvaturederivatives.On the
otherhand,sometimescubic surfelsmay fail to deliver an
appropriateapproximatiorat high-cunatureregionsduetoo
poorestimationof surfacenormals seea smalldefectin the
upperpartof thewing in thetop-rightimageof Figures17.

Thetree-like structuredescribedn thethird partof Sec-
tion 2 andcontainingthe multi-scalesurfacerepresentation
canbe createdof ine andout-of-core.Out-of-coreprocess-
ing is simple,becausall calculationarelocal. The timing
resultsof Table 1 shav that even large datasets(like the
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Figure 17: TheCalted felinemodel(200K points)is SLIM-
approximatedwith 31K linear surfels(left), 16K quadiatic
surfels (middle), and 12K cubic surfels (right) using the
samethresholding: T, = 0:02. Computationaltimes for
generting top-row images (approx. 450 600 pixels) are
0.45sec.for linear elementsP.72 sec.for quadmtic ones,
and1.66sec.for cubicsurfels.

1mmDavid statuemodelwith 28 million points)canbepro-
cessedn a matterof minutes,while smallerdatasetsare
typically a matterof secondsin general runningtimesare
quasi-lineaiin theinput andoutput,wherethe factorin the
outputis muchlargerdueto the minimizationfor eachball.
The resulting multi-scalerepresentations not only better
suitedfor renderingjt is alsomuchmorecompact.

Model #points  #leafs T, SLIMtype Timing

Dinosaur 56K 6K 0:02 quadratic 8s

Dragon 438K 44K 0:01 quadratic 67s
Dragon 438K 31K 0:01 cubic 86s
ThaiStatue  5M 345K  0:005 quadratic 15m
David Statue 28M 933K  0:002 quadratic 64m

Table1: Timingresultsfor geneating SLIM-appoximations
(timingsfor 10 le opemtionsare included)on a 3.0GHz
Pentium4. It requires about 100 Mb per 1 million points.
The 1 mm David statuemodelis processedn an out-of-
core manner:the modelwas slicedin several parts along
the longest axis of its boundingbox. The slices are r -
overlappedfor computingocal approximationscorrectly.

The projection-baseframework of our shadingapproach
describedn Section3 is nicely adaptedfor implementing
ray-tracingmethods.The top image of Figure 18 demon-
stratesstandardray-tracedrenderingof a quadraticSLIM-
basedapproximationof the Michelangelos "Night" model
(courtesyof theDigital MichelangeldProject)with two light
sourcesSincethe original modelhasmultiple gaps,asseen
in thebottomimagesof Figure18, theray-tracedmagecon-
tains small white spotswhich, if necessarycan be easily
eliminatedby imageprocessindools.

Thebottomimagesof Figure 18 present visualcompar
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Figure 18: Top: standad ray-traced rendering of a

guadmatic SLIM-basedapproximationof the "Night" model
with two light sources; original 11M points are approxi-

matedby 432K quadmatic patdes;it took86 sec.for gener

ating theimage (1000 1000pixels).Bottom-left:a zoomed
fragmentof the model approximatedand rendeed using
gquadmatic SLIM patces. Bottom-right: the samefragment
is rendeed with our implementatiorof the Stanfod QSplat
MultiresolutionPoint RenderingSysten{we useour imple-
mentationinsteadof the original one proposedin [RLO(Q

andavailableonlinein order to equalizeshadingeffectsfor

thebottomimages).

isonof the SLIM andQSplatfRLOQ] approximationsWhile

SLIM delivers a signi cantly bettersurfaceapproximation
thanQSplat,SLIM cancreatesmallbumpy defectsbecause
of its attemptsto cover misseddatagaps. Thesegapsare

mostly untouchedby QSplatbecauset usessplatsof con-

stantsize.
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Figure 19: Left: a noisy meshusedfor testingin [JDD03J. Middle: the noisy meshis smoothedoy non-iteative, feature-
preservingbilateral Itering scheme[JDDO0J. Right: the samedatais smoothedy projectingthe noisypointsontothecorre-

spondingSLIM surface

Our SLIM surfacerepresentatiothat we usefor render
ing purposesloesnotdeliveranaccuratesurfaceapproxima-
tion. Strictly speakingpur SLIM-basedvisualizationproce-
dureis notinvariantw.r.t. rigid transformationsThis is the
pricewe payfor fastrenderingandcunaturefeatureextrac-
tion. On the other hand,we found out that the crestlines
[DFRS03 OBS043, very delicatesurfacefeatureshasecbn
1stand2ndcurvaturederivatives,changeonly slightly when
we rotatethesurface.

Smoothing Thereareseveralpossibilitiesto usethe SLIM

surface representatiorfor smoothingscatteredpoint data
(equippedwith normals)andmeshesOnesimpleideacon-
sistsof usingthe averagingprocedurede ned by (6). Given
anorientedpoint(p;n), wesetf = p, considetherayp+ tn,
anduse(6) to de ne the smoothedocationq of theinitial

noisypointp.

For acomparisorwe choosehenon-iteratve bilateral |-
teringmeshsmoothingnethodof Jonestal. [JDD0J since
it is simpleandelegant,theauthorsaccuratelyecordedheir
experimentsthe sourcecodeand mesheausedin [JDD0J3
are availableonline, andlast but not least,the methodwas
presentedn arecentSiggraphpaper In Figure19 we com-
pare the methodwith our simple SLIM-basedsmoothing
procedureoy smoothinga modelusedin [JDDO03.

A slightly morecomplex SLIM-basedsmoothingscheme
can be usedfor processingnoisy meshesGiven a trian-
gle mesh,let us apply the projection operationdescribed
above to eachtriangle centroid, estimatethe normals by
(7) andthen nd positionsof the new meshvertices by
minimizing the QuadricError Metric (QEM) [GH97). This
meshsmoothingschemés motivatedby thefeaturesensitve
surfaceextractionmethod[KBSS0] exploiting QEM. Fig-
ure 20 demonstrateperformancef the schemeby smooth-
ing anoisymeshreconstructefrom pointdatadataacquired
by aninexpensve computefvision system[BP]. Theresult
hasa comparableuality to thatobtainedn [OBS03 where
a computationallyexpensve but powerful meshsmoothing
methodwasdevelopedandthe samenoisy datasetvasused
for testing.

Sparsity analysis. We usethe handmodel mesh(courtesy
of FarFieldTechnologyLtd [Far]) to analyzesparsityprop-

Figure 20: Left: a noisymeshreconstructedromdataac-

quired by a computesvision system BP]. Right: the mesh
is smoothedsia projectingthe meshcentoids ontoa SLIM

surfaceand generting new verticesby a QEM-basedpti-

mizationprocedue.

erties of the SLIM approximationswith linear, quadratic,
and cubic primitives. To determinethe approximationer
ror we considerthe projectionprocedurede ne in our rst
smoothingschemalescribedibore. Thenthe 2 approxima-
tion erroris computedby normalizedaveragingof squared
projectionsof the meshvertices.Figure21 deliversa visual
comparisorof the SLIM approximationof the sameaccu-
ragy. Note thatwe need7 oats to describea linear SLIM
primitive (thecoordinate®f thecenterthe supportsize,and
the coefcients) 12 oats for a quadraticprimitive, and 16
oats for acubicone.Thusthe sparsityof the quadraticand
cubicSLIM approximationgrenearlyequalwhile thespar
sity of thelinear SLIM is 1.5timessmaller As seenin Fig-
ure 22, evenasigni cant increasingof the numberof linear
primitivesis notsufcient to achiere acomparableendering
quality.

However renderingwith linear primitivesasin [RLOQ] is
alwaysfasterthanwith nonlinearones.Indeedtherendering
costdoesnot dependon the numberof primitives.lt is de-
terminedby the numberof ray/implicit intersectionshatwe
have to computeanddepend®n the numberof rays.

¢ TheEurographic#ssociation2005.
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Figure 21: Thesame0:01% L2-approximationaccuracy is
achievedwith 5.4K linear primitives (left), 1.9K quadatic
patches(middle),and 1.3K cubicpatdhes(right).

Figure 22: Left: a zoomedpart of the handmodelapproxi-
matedby 1.9K quadiatic patdes.Right: the SLIM approxi-
mationwith 25K linear primitivesis not enoughto achieve
a companblerenderingquality.

5. Conclusionand Futur e Work

We have presenteé new point-basedurfacerepresentation
and demonstratedts usefulnesdor variousrenderingand
geometrianodelingtasks.

TheSLIM surfacerenderingoolkit accompanping thepa-
perallows the readerto verify a high ef ciency of our ren-
deringapproachThe sourcecode,binaries,andsomemod-
els are available from http:/wwwriken.go.jp/lab-www/\V/
CAD/VCAD-Eam/membeayohtale/slim/

A generalopenproblemis to constructa good approx-
imation of a given surfacewith a small numberof higher
order elements.The large numberof unknavns (position,
supportregion, parametersf the polynomial)makesan op-
timal solutionintractable Particularavenuesareveryimpor-
tantthough:Adding elementgor representingharpfeatures
or ellipsoidalsupportsarelik ely to enhancehe system.

As the reader probably has noted, the SLIM and
MLS surfacerepresentationfave mary similarities. Thus
SLIM can sene as a bridge betweenvarious splatting
techniquedRLOO, SJOQ KVO01, BSK04, partition-of-unity
approximations[OBA 03, OBS04f, and MLS surfaces

¢ TheEurographic#ssociation2005.

[Lev04, ABCO 01, AKO4]. EquippingSLIM surfaceswith
necessarymathematicalrigor and clarifying relationsbe-
tweenvarioussurfacerepresentationsonstituteaninterest-
ing directionfor afutureresearch.

Our currentimplementationperformsall operationson
the CPU.We would expecta considerablespeed-upy per
forming somepartsof the necessargtepson programmable
hardware,however, have not exploitedthis optionsofar.
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