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Abstract
We presenta novel costfunctionto prioritize pointsandsubsamplea point setbasedon thedominantgeometric
features and local samplingdensityof the model.This cost function is easyto computeand at the sametime
providesrich feedback in theformof redundancyandnon-uniformityin thesampling. Weusethiscostfunctionto
simplifythegivenpointsetandthusreducetheCSRBF(CompactlySupportedRadialBasisFunction)coef�cients
of thesurface�t overthispointset.FurthercompressionofCSRBFdatasetiseffectedbyemployinglossyencoding
techniquesonthegeometryof thesimpli�ed model,namelythepositionsandnormalvectors,andlosslessencoding
on theCSRBFcoef�cients. Resultson thequality of subsamplingandour compressionalgorithmsare provided.
Themajor advantagesof our methodincludehighly ef�cient subsamplingusingcarefully designed,effective, and
easycomputecost function,in addition to a very high PSNR(PeakSignal to NoiseRatio) of our compression
techniquerelativeto otherknownpoint setsubsamplingtechniques.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.5 [ComputerGraphics]:ComputationalGeometry
andObjectModeling– Curve,surface,solid,andobjectrepresentations

1. Intr oduction

Dueto theadvancesin 3D dataacquisitiontechniquessuch
as laserrangescanners,point setsurfacesare increasingly
popular. As scanningdevices producehigher detailedsur-
facesthat containhugenumberof unorganizedpoints,sur-
facereconstructionalgorithmsneedlargememoryandrun-
ning time. Clearly, the samplingby theseautomaticscan-
nersarenotdependentonthesurfacefeatures,andhencethe
datasetsexhibit a large proportionof redundantinforma-
tion.Simpli�cation of suchpointsetsis oneof theimportant
preprocessingtechniquesfor makingstorage,transmission,
computation,anddisplaymoreef�cient. Otherthantheseap-
plications,thetime consumingprocesses,suchascomputa-
tionandpolygonization,involvedin thereconstructionof the
surfacefrom its pointsamplesusingimplicit representations
bene�t a lot by reducedinputpoint set.

In this paper, we presenta novel point cloud simpli�-
cation methodthat is suitablefor implicit representations.
Themethodusesthecurvaturesof implicit functionsandthe
distribution of CSRBFs(CompactlySupportedRadialBa-

sis Functions)[Wen95, MYR¤01] in order to prioritize the
pointsto beremovedandsimpli�es themodelprogressively.

Themaincontributionsof ourpaperareasfollows.

1. Our point cloud simpli�cation technique is feature-
sensitive, hasguaranteedsamplingdensity, is easyand
ef�cient to compute,andsimpleto implement.

2. Speci�cally, our point decimationschemedoesnot re-
quire re�tting of implicit surfacesfor every iterationof
point removal andre-prioritization.

3. Wealsoproposea techniqueto compresstheCSRBFco-
ef�cients of the implicit surfacethat is �t over the sim-
pli�ed point model.Our coderstoresvertices,normals,
andCSRBFcoef�cients withoutusingmeshconnectivity
unlikeotherconventionaltechniques.

4. By virtue of our choice of CSRBF as the preferred
implicit representation,as against other multi-level ap-
proaches,the compressedimplicit functionscan be di-
rectly usedin the applicationswithout re�tting the sur-
faces.Further, the amountof storagerequiredto store
thesefunctions is just proportional to the number of
pointsin thedataset.
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2. Relatedwork

There are quite a few paperson point set subsampling
and resamplingfor renderingand representation.Someof
the techniquesprovide guaranteeson error in subsampling
by implicitly or explicitly measuringthe distancebetween
the smoothor piecewise linear surface �t on the original
andreducedpoint sets.A few other techniquesusea sim-
ple distance-between-pointsbasedapproachto reducethe
numberof pointsandcannotstrictly guaranteeany quality
of simpli�cation either in termsof surfaceapproximation
boundsor in termsof local samplingdensity.

Oneof the mostcommonlyusedsurfacerepresentations
is Point SetSurfaces(PSS)[ABCO¤01] that reducethe re-
dundantpoints by estimatinga point's contribution to the
Moving LeastSquares(MLS) surfaces.

Pauly et al. [PGK02] introducevarioussurfacesimpli�-
cationtechniquesto point sets.The incrementalandhierar-
chicalclustering,iterative simpli�cation, andparticlesimu-
lation algorithmareimplementedto createapproximations
of point-basedsurfaceswith lower samplingdensity. In it-
erative simpli�cation, they usethe in�uential surfacesim-
pli�cation of the quadricerror metric in [GH97]. The non-
uniformity in samplingdistribution is addressedby resam-
pling using the MLS methodwhich is basedon sampling
densityestimation.However, this methoddoesnot provide
any absoluteor relativesamplingdensityguarantee.

MoenningandDodgsonsuggesta coarse-to-�neuniform
or feature-sensitivepointcloudsimpli�cation algorithmwith
user-controlleddensityguarantee[MD03]. In [MD04], they
build uponthe intrinsic point cloud simpli�cation ideaput
forward in [MD03]. It supportsboth sub- and resampling
of point sets for dealing with non-uniformity and under-
sampling in the input. Since both techniquesare generic
simpli�cation algorithms,thesimpli�cation accuracy is not
measuredagainst any implicit or other surfacerepresenta-
tions.In otherwords,it hassamplingdensityguaranteebut
doesnotguaranteeany boundsonsurfaceapproximation.

Anotherstreamof researchthat is relevantto our work is
theexplicit computationanduseof curvatureof thesurface
for simpli�cation. In meshsimpli�cation, thealgorithmpro-
posedby Turk [Tur92] usesrepellingparticlesto re-sample
thepolygonizedsurfacesusingcurvaturemeasurements.In
[MGW05], a classof energy functionsfor distributing par-
ticles on implicit surfacesis usedfor the curvaturebased
samplingof implicit surfaces.Thesetechniquesarefunda-
mentallyresamplingtechniquesasagainstour subsampling
technique.In otherwords,they usea (polygonalor implicit)
surfacerepresentationto move thepointson thesurfacefor
betterpositioning.They arecomputationallyexpensive and
acoarserpoint setis notastrict subsetof the�ner point set.

Implicit shaperepresentationshave proven to be use-
ful for modeling,animation,and visualization.RBFs (Ra-
dial BasisFunctions)arepopularfor interpolatingscattered

data[SPOK95,TO99]. RBFshave beenemployedwith bet-
ter resultsthan competingtechniques,especiallyfor pro-
ducinghigh quality surfaces,repairingincompletedataand
in methodsrequiringno topologicalconstraints.Thefunda-
mentalproblemwith RBF is its computationcost in terms
of the needfor solving large linear systemsthat is propor-
tional to thesizeof thepointdataset.Henceits applicability
is limited to smallpoint sets.

For modeling the large point sets,CSRBFsthat make
the linearalgebraicequationsparse[Wen95, MYR¤01] and
the fast RBF-basedmethod using FMM (Fast Multipole
Method)[CBC¤01] areproposed.Moreover, multi-scaleap-
proachto interpolatepointsetsurfaceswith irregularlysam-
pledand/orincompletedata[OBS03] andMPU (Multi-level
Partition of Unity Implicits) makinguseof the partition of
unity weights and local piecewise quadric approximation
functionsaresuggested[OBA¤03]. Sincea hierarchicalap-
proachsolve CSRBFsto reducethe implicit error at each
level, it usesmore CSRBF coef�cients than single level
CSRBFs.Further, sincepartition of unity approachneeds
theoverlappedareato make thefunctionsblended,we need
moreCSRBFcoef�cients too.

As for implicit representationsappliedfor theshapecom-
pression, [CBC¤01] proposesa coarse-to-�negreedyalgo-
rithm basedon the �tting accuracy to reduceRBF centers
to representa surface.Sincethis methodhasto solve RBFs
iteratively, it is computationallyexpensive.

In this paper, we proposea point cloud simpli�cation
techniquefor implicit representationsandcompressimplicit
functions.SinceCSRBFsareableto reconstructlargepoint
setsandCSRBFrepresentationswhich aresimilar to RBF
representations[CBC¤01] aresuitablefor datacompression,
weuseCSRBFsfor theimplicit surfacereconstruction.

Therestof thepaperis organizedasfollows. We �rst in-
troducetheCSRBFimplicit surfaces(Section3), ourchoice
of speci�c CSRBFsurface(Section3.1), measurementof er-
ror in �tting the CSRBF(Section3.2), andcomputationof
curvaturein implicit surfaces(Section3.3). Followedby this
elaborateintroductionon de�nition andcomputationtech-
niquesof CSRBF, we introduceour point simpli�cation al-
gorithm(Section4) with specialstresson thecostfunction.
We analyzevariouseffects and facetsof this algorithm in
Section4.1. The algorithm described,reducesthe number
of pointsof the dataset thusrequiring lessstoragefor the
CSRBFdata.We furthercompressthis datausinglossyand
losslesscompressiontechniques(Section4.2). Finally we
discusstheresultsof our methodswith comparisonto other
stateof theart techniques(Section5).

3. The CSRBFImplicit Surfaces

Let usconsiderasetof pointsf pigN
i= 1 scatteredalongasur-

facewith unit normalsf nigN
i= 1. Wewish to �nd afunction f
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thatinterpolatesf pigN
i= 1 implicitly.

f (pi) = 0; i = 1;¢¢¢;N: (1)

To makethesolutionof Equation1 unique,off surfacepoints
f pigM

i= N+ 1 areappendedto theinputdataalongtheunit nor-
malsf nigN

i= 1, suchthat

f (pi) = 0; i = 1;¢¢¢;N; (2)

f (pi) = di 6= 0; i = N + 1;¢¢¢;M: (3)

In this paper, we assumethat the numberof pointson the
surfaceandoff the surfacearethe same:M = 2N. We cre-
ateoff-surfacepointsononly the(insideor outside)of every
surfacepoint.Theoff-surfacefunctionvaluesdi areassumed
to bepositive outsidetheobjectandnegative insidetheob-
ject.

Now, thefunctionvaluesf (x) at all pointsx in spacecan
bede�nedusingthebasisfunctions,namelytheCSRBF. Let
Q = f pigM

i= 1 beinputpoints.Then,

f (x) = å
pi2Q

l i j s (jjx ¡ p i jj ); (4)

wherej s (r) = j (r=s ), j (r) is the CompactlySupported
Radial Basis Function (CSRBF). The supportsize or, in
other words, the rangeof in�uence of a point pi is given
by s . Thevalueof thesupportsizes is determinedby the
samplingdensityasrecommendedby [OBS03].

TheCSRBF(Equation4) implicit representationis basi-
cally givenby the functioncentersf pigM

i= 1 andtheir corre-
spondingcoef�cients f l igM

i= 1. Dueto this simplerepresen-
tation structure,CSRBFare particularly amenableto data
compression.Our schemefor CSRBFcompressionis de-
scribedin Section4.2.

3.1. Choiceof CSRBFBasisFunction

Therearemany differentkindsof CSRBFfunctionsthatare
usedfor differentpurposesandwith differentordersof conti-
nuity. Weanalyzeaspecialkind of CSRBFcalledtheWend-
land's CSRBF[Wen95] which is generallyusedfor surface
reconstructionpurposes,with C0, C2, C4, andC6 continuity
aslistedbelow, whereCSRBFsarede�ned to be0 if r > 1.
Wechoosetheonethatgivesusthebestresult.

C0 j (r) = (1¡ r)2
+

C2 j (r) = (1¡ r)4
+ (4r + 1)

C4 j (r) = (1¡ r)6
+ (35r2 + 18r + 3)

C6 j (r) = (1¡ r)8
+ (32r3 + 25r2 + 8r + 1)

We reconstructedmodelsundervaryingsamplingdensity
usingtheabovefourCSRBFsandmeasuredtheerrorof each
of the reconstructionfrom the original point set.Figure 1
shows the reconstructedStanfordBunny modelsusing the
four CSRBFsusingthesamereconstructionkernel(support
size).Fromthegraphin Figure1, weseethatfor all sizesof
themodel,thequality of reconstructionof thesurfacewith
orderC2 CSRBFis betterthantheotherthree.Furthermore,

C0: 62.18dB C2: 66.91dB

C4: 66.24dB C6: 65.70dB
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Figure 1: Top four models:reconstructionof the simpli-
�ed Stanford Bunnypointsetconsistingof 3,334points.Bot-
tomgraph:reconstructionaccuracyof numberof pointsand
PSNRby four kindsof CSRBFsonStanford Bunnymodel.

theorderC2 CSRBFshowedthebestquality in othermod-
els (Armadillo andVenus)also.Hencewe useWendland's
CSRBFwith C2 continuity as our representative function
throughoutthis paper. In thispaper, althoughwerestrictour
analysisto this particularCSRBF, note that our methodis
generalenoughto beapplicableto any CSRBF. In thegraphs
shown, the quality of the reconstructionis measuredusing
PSNRasdescribedin Section3.2.

3.2. Measuring SurfaceFitting Err or

Throughoutthepaper, wewill bemeasuringthedeviationof
theimplicit surface�t over a reducedsetof pointsfrom the
original model.The error in geometryis usuallyexpressed
in termsof PeakSignal to NoiseRatio (PSNR). PSNRis
de�ned as

PSNR[dB] = 20£ log10
peak

d
; (5)
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Figure2: Curvaturemeasuresof Stanford Bunnymodeland
ArmadillomodelusingMPU implicits.

where “peak” is the model's boundingbox diagonaland
d is the distanceof a point from the describedgeometry.
While comparingtriangularsurfaces,d is measuredusing
metrics like Haudorff metric. In caseof implicit surfaces,
Taubin[Tau91] justi�es theuseof afunctionspeci�cally de-
signedfor implicit surfacesto measured. This Taubindis-
tanceof a point pi is given by j f (p i)j=jÑ f (p i)j. In other
words,eachdistanceof a point from thezerosetof the im-
plicit surfaceis normalizedusingthe rateof changeof this
function at that point. This accountsfor the non-uniform
scaling or warping of the coordinatesystemby the im-
plicit function.Forexample,sinceanellipsoidgrowsslowest
alongits smallesteigenvector, the`unit-distances'alongthe
threeaxesis expressedin termsof thevelocityof theimplicit
front in theparticulardirection.

The above normalizeddistancemeasureis what is com-
monly usedwith implicit surfacesas done by, for exam-
ple, [OBA¤03] for adaptive octreesubdivision of MPU im-
plicits.Wealsousethisdistancefunctionin thecomputation
of PSNRasdescribedbelow.

Let P = f pigN
i= 1 beoriginal point set.d is de�ned asthe

averageof algebraicsumof Taubindistances.

d =
å pi2P j f (p i)j=jÑ f (p i)j

N
: (6)

Note that this PSNR measurementis not speci�c to
CSRBF, but applicableto any implicit function.

3.3. Measuring curvaturesof implicit surfaces

Thecurvatureof implicit surfacesis derivedfrom its closed
form expression,andfrom the�rst principlesof differential
geometryasthesecondorderpartialderivativesof thefunc-
tions.In [AJ04], thecomputedcurvatureis usedfor polygo-
nizing closedimplicit surfaces.We make useof it for iden-
tifying the featuresandsimplifying the point setbasedon
thesefeatures.Webrie�y describethemethodof computing
thecurvaturefor thesakeof completion.

Let us considerthe implicit function f (x) = 0. The gra-
dient vector g and the normal unit vector n are de�ned at

thearbitrarypointx usingthe�rst orderpartialderivativeof
f (x).

g = Ñ f ; and n = g=k g k : (7)

Thecurvaturesof function f (x) arede�ned asmatrix C by
thepartialderivativesof thenormaln.

C =

2

6
6
4

¶nx
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¶nx
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¶nx
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¶ny

¶x
¶ny

¶y
¶ny

¶z
¶nz
¶x

¶nz
¶y

¶nz
¶z

3

7
7
5 : (8)

Theabovematrix is therank-de�cientshapeoperatormatrix
of thesurfacewhose�rst two eigenvaluesgive theprincipal
curvaturesk1 andk2, the third valuebeingzeroalong the
normalvectordirection.

4. Our Point Cloud Simpli�cation Algorithm

We have seenthat thenumberof basisfunctioncentersand
thecoef�cients for CSRBFis proportionalto thenumberof
pointsamplesin themodel.Thegoalof ourpointcloudsim-
pli�cation algorithmis to reducetheassociatedCSRBFdata
by reducingthe numberof points.The ideabehindreduc-
ing the set is to assignan importancevalueor a costvalue
for every point in the datasetandremove the point that is
leastimportant.Oncea point is removed, its neighborhood
pointswouldgainmoreimportanceby virtueof fewerpoints
representingthat region, andhencetheir costvaluesarere-
evaluated.Theabove processis repeatedtill a desirednum-
berof pointshavebeenremoved.

The Cost Function: Oneof the main contributionsof this
work is the cost function to evaluatethe importanceof a
point in thedataset.Let P = f pigN

i= 1 beinput pointsscat-
teredalonga surface.We de�ne the suitability of the point
p i for removal as

ci =
Ni ¢å p j 2P j s (jjp j ¡ p i jj )

Ki
; (9)

wherej s (r) = j (r=s ), j (r) = (1¡ r)4
+ (4r + 1) is Wend-

land's CSRBF[Wen95]. s is its supportsizedecidedby the
recommendedsupportsize [OBS03] scaledby a subsam-
plingsupportsizefactor, a . Ni is thenumberof pointswithin
theradiuss of pi andKi is thecurvatureof theoriginal sur-
faceatpi computedasK = e+ max(jk1j; jk2j), wheree > 0
is usedto avoid division by zero in Equation9. Sincewe
usec asa relative measurefor comparingtheimportanceof
points,theabsolutevalueof e is immaterial.Weusee = 1:0
in our experiments.More informationon estimationof K is
givenlaterin this section.

The intuition behindthis costfunction is to have thedis-
tributionof pointsproportionalto thelocalcurvature.Higher
curvatureregions,indicatingfeatures,requirehigherdistri-
bution andvice-versa,andthe ratio of thesetwo quantities
shouldbeapproximatelythesameatall pointsin thedataset.
The numeratorof the costfunction,å p j 2P j s (jjp j ¡ p i jj )
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estimatesthecontribution of thepoint pi to theCSRBFsur-
facein pi 's neighborhood.Thecurvatureat thatpoint being
aconstant,if therearemany pointsin theneighborhood,the
importanceof thecontribution of a singlepoint reducesand
thepoint's importanceincreasesif it is oneof thevery few
pointsrepresentingtheneighborhood.This aspectof impor-
tanceestimationis capturedby thescalefactorNi . Hence,if
ci is high,thecorrespondingpoint's importancein its neigh-
borhoodis low, andhencethe distribution of pointsin that
region is unusuallyhigh with respectto thecurvature.Such
pointsarebestcandidatesfor removal.

Curvature Estimation: In orderto computethesuitability
of every point for removal, we needto calculatethe curva-
tureof thesurfaceatall thepoints.Computationof curvature
(referto Section3.3) requires�tting of implicit surface.Note
that the goal of our algorithmis to make the CSRBFcom-
putationviableby reducingthepoint set,andthis prohibits
theuseof CSRBFto theinitial datasetin orderto compute
thecurvature.Sincenormalcurvatureis aninherentproperty
of asurfaceandindependentof its functionalrepresentation,
any smoothfunction thatarguablyrepresentsthesurfaceof
thepoint setcorrectly, canbeused.We usea fast,local im-
plicit function, the MPU implicits [OBA¤03], to compute
the curvatureof the original model (and is computedonly
once).Figure2 shows themaximumabsolutecurvaturesof
StanfordBunny andArmadillo models.Noticetheexpected
curvaturemeasurementsin the partsof eyes of the Bunny
modelandhandsandlegsof theArmadillo model.

4.1. Analysisof the Algorithm

Puttingthingstogether, we�rst computethecurvatureatev-
ery point on the given datasetusingMPU implicit �tting.
Oncethecurvaturesareset,thesuitabilitycostof everypoint
for removal is calculatedasgivenby Equation9. Thepoint
with maximumvalueof c, pmax is removed. This removal
would affect thecostof all pointswithin a radiusof s from
pmax, hencethey arerecomputed.Fromthenew setof cost
values,thepoint with maximumvalueof c is again chosen,
and the above processis repeatedtill a desirednumberof
point reductionis achieved.Note that thecurvatureis com-
putedonly oncebasedon the original modelandis not re-
computedfor every iteration.

Thedistributionof thevaluesof thecostc is animportant
indicatorof theuniformity of distribution of pointswith re-
spectto therequirementdemandedby thelocalcurvature.In
effect, our simpli�cation algorithmstrivesto make thecost
valuesamefor all pointsthrougha singleoperation,namely
thepoint removal. Henceouralgorithmis strictly asubsam-
pling algorithmin which subsequentlevels of detail of the
modelis a strict subsetof its parentmodel.Thehistograms
shown in Figure3 illustratethe distribution of c after a se-
quenceof point removal operations.The shrinking of the
rangeof c indicatesincreasinguniformity in the valuesof
c.

Note thatover thesequenceof point removal operations,
thevaluesof ci monotonicallyreduces.Hencethehistogram
in Figure3 will only bepushedtowardsc = 0. Ideally, there
aretwo (probablydependent)parametersin thealgorithmic
designspace– the valueof c and the numberof points in
the �nal model.If anotherfundamentaloperation,namely,
the addition of a point is allowed, thenwe canexplore the
entiretwo dimensionalsolutionspace.Speci�cally, givena
valueof cf , we canaddpointsin theregion with lower c to
increaseits value,andremovepointsasbeforein theregions
of highervalueof c to reduceits value,in effect increasing
thenumberof pointswith c = c f . With this additionaloper-
ation,we canperformbothsubsamplingandresamplingof
thegivendataset.

4.2. Reconstructionand Compressionof CSRBF
surfaces

We �t a CSRBFsurfaceon the subsampledpoint dataset
usingthe samefunction in Equation4, wheres is its sup-
portsizedecidedby therecommendedsupportsize[OBS03]
scaledby a reconstructionsupportsizefactor, b . Thevalue
of b maybedifferentfrom subsamplingsupportsizefactor
a whosevalueis not known at thereconstructionstage.We
achieve a major compressionin surfacerepresentationjust
by subsamplingthe point set.Furthercompressioncan be
achievedby encodingthecentersandthecoef�cients of the
�nal CSRBF�t on thereducedpoint set.

SinceCSRBFssolvethelinearalgebraicequation,thesur-
facesgeneratedby the CSRBFsare very sensitive to the
coef�cient values.Sinceeven small perturbationsin these
coef�cients areundesirable,we usea losslesscompression
schemelike PPM to encodethem.On the other hand,the
CSRBFsurfacesare imperviousto slight perturbationsof
thepoint locationsandtheirnormalvectors.Henceweusea
lossycompressionfor verticesandnormalsin ourcoder.

We encodethesimpli�ed point setpi andits normalvec-
torsni usinglossyscalarquantizationandarithmeticcoding,
andthe CSRBFcoef�cients l i usinglosslessPredictionby
PartialMatching(PPM)coding[CW84].

5. Resultsand discussion

Wecompareourpointcloudsimpli�cation techniqueagainst
known meshsimpli�cation techniquesfor different mod-
els shown in Figures4 and 5. The technique[Hop99] us-
ing quadric error metric [GH97] (Quadric Decimation),
the vertex clustering techniqueby quadric error [Lin00]
(QuadricClustering),the decimationalgorithm of triangle
meshes[SZL92] (Decimation),and the progressive mesh
decimationbasedon [SZL92,Hop96] (Progressive Decima-
tion) are the other techniquesusedto reducethe number
of points.We �t the CSRBFsurfaceover thesesimpli�ed
pointsfor comparison.WeuseVisualizationTool Kit (VTK)
implementationof all thesealgorithms.
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Figure 3: Distribution of c on Stanford Bunnydataset: (left) 34834points,(middle)29834points,and(right) 19834points
with a = 1:0.
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Figure 4: Simpli�cation accuracy of numberof pointsand PSNRon Stanford Bunnymodelconsistingof 35,947points(left
graph)andArmadillomodelconsistingof 172,974points(right graph).

Figure 4 shows the simpli�cation accuracy in termsof
numberof points and PSNR.Our subsamplingwas done
usingthreedifferenta valuesandreconstructionusingthe
sameb valuein all cases.Theminimalnumberof pointsare
differentfor eacha becauseof simplifying until thenumber
of pointsin thesupportof eachCSRBFbecomesone.Thus
our techniquecan lead to minimal densitywith respectto
the featureof the point. The PSNRis betterfor lower val-
uesof a sincea smallersupportsize cancapturethe fea-
turesof themodelbetterthanlargersupports.Further, in our
experimentswith both the Bunny and the Armadillo mod-
els,our methodis in generalbetterthanall othermethods.
In the Bunny model, this is especiallytrue for simpli�ed
modelwith lessthan5000points,sincefor fewer number
of points,thesamplingbecomesmoreregularin oursimpli-
�cation process.

Figure 5 shows our simpli�cation resultson the Venus
model.The top row shows the reconstructedmodelswith
thepointsfrom oursubsamplingtechnique.Themiddlerow
shows the reconstructedmodels from the points reduced
by quadricdecimation[Hop99]. As both techniquesrecon-
structthemodelswell, resultsof our techniqueseemto look
smoothersinceat lower point counttheuniformity in sam-

pling gainsmoreimportancethanthecurvature.Further, this
smootheningeffect alsodistributestheerrorthusincreasing
thePSNR.Theseeffectscanbededucedfrom theaccompa-
nying graph.

The timings for simplifying the points dependon the
model size and the supportsize of CSRBF. On Stanford
Bunny model,points are simpli�ed to 10% of its original
sizeat a rateof over 4100pointspersecondfor variousval-
uesof a ; over 3300pointsper secondto reducethe Venus
model to 5% of its original size,andover 2500pointsper
secondto reducetheArmadillo modelto 5% of its original
size.TimebenchmarksaremeasuredonIntel CeleronM 1.3
GHz processorand752MB RAM. Themostoftenrepeated
operationin our algorithm is �nding the point with maxi-
mumc, removing thatpoint (andhencethec value)from the
list, andrecomputingthevaluesof c in its neighborhood.We
usedapriority queueto do theseoperations.

Figure 6 shows the compressionresultsof CSRBFson
StanfordBunny. Thetop row shows thereconstructedmod-
els from the compresseddata.Our coder usesPPM cod-
ing for CSRBF coef�cients, and scalar quantizationand
arithmeticcodingfor verticesandnormals.Themiddlerow
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shows thereconstructedmodelsfrom thelossyscheme.The
lossy schemecodesvertices,normals,and CSRBFcoef�-
cientsby scalarquantizationandarithmeticcoding.On the
top left model consistingof 1,381 points and the middle
left modelconsistingof 1,834points,our codershows bet-
ter PSNRthanthe lossyscheme.On theotherfour models,
our coderhasabout2.0 to 5.0 PSNRbetterthan the lossy
scheme.Thegraphcomparesrate-distortioncurveswith var-
iousbitsof vertices(V), normals(N). Thebitsof CSRBFfor
the lossyschemearesetto 12 bits. Thecombinationsof 12
bits of verticesand6 bits of normalsshow the bestPSNR.
As canbeseenfrom the lossyscheme,CSRBFcoef�cients
areverysensitive for dataloss.

6. Conclusionsand futur ework

We have describeda new point cloud simpli�cation tech-
nique for implicit representations.By using the curvatures
of implicit functionsand the distribution of CSRBFs,our
techniqueis feature-sensitive,hasguaranteedsamplingden-
sity, is easyandef�cient to compute,andsimpleto imple-
ment.Thequalityof thesimpli�cation andreconstructionis
highlightedby thePSNRgraphsespeciallyin thesmallnum-
berof points.We have alsointroducedcompressionframe-
work for CSRBFs.Our codercombinesthelosslessscheme
for CSRBFcoef�cients and the lossy schemefor vertices
andnormals.Compressedimplicit functionscanbedirectly
usedin all applicationsthat useimplicit functionswithout
theneedfor re�tting thedata.

The future work includesemploymentof developingal-
gorithm for the next logical fundamentaloperation:point
addition,and�nally developingalgorithmthatcombinesad-
dition andremoval of pointsfor effective resamplingof the
point set.The resamplingtechniquewill be useful in data
setsmore irregularly sampledand/or incompleteregions.
The bettercoderof verticesandnormalsshouldbe imple-
mentedand the the way to reducethe entropy of CSRBF
coef�cients losslesslyshouldbeinvestigated.
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2006points,63.01dB 5345points,66.32dB 11345points,69.31dB

Reconstructedmodels(with b = 1:5) from pointsfrom oursubsamplingtechnique(with a = 2:5).

2017points,61.30dB 5375points,64.68dB 11421points,68.62dB

Reconstruction(with b = 1:5) from thepoint setgivenby quadricdecimationalgorithm.
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Figure5: Simpli�cation resultsof numberof pointsandPSNRonVenusmodel.
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21.7KB, 62.44dB 67.5KB, 67.68dB 113.3KB, 69.16dB

Compressionusinglossyandlosslessschemes

18.9KB, 61.95dB 68.3KB, 66.01dB 111.0KB, 64.38dB

Compressionusinglossyscheme
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Figure6: Compressionresultsof �le sizeandPSNRonStanford Bunnymodel.
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