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Abstract

We presenta novel costfunctionto prioritize pointsand subsample point setbasedon the dominantgeometric
featues and local samplingdensityof the model. This costfunctionis easyto computeand at the sametime
providesrich feedbak in the form of redundancyndnon-uniformityin the sampling We usethis costfunctionto

simplifythegivenpoint setandthusreducethe CSRBH CompactlySupportedRadialBasisFunction)coefcients

ofthesurfacet overthispointset.Furthercompessiorof CSRBFdatasetis effectedby employindossyencoding
techniquesonthegeometryofthesimpli ed model namelythepositionsandnormalvectos,andlosslesencoding
on the CSRBFcoefcients. Resultson the quality of subsamplingand our compessionalgorithmsare provided.
Themajor advantaesof our methodincludehighly ef cient subsamplingisingcarefully designedeffective and

easycomputecostfunction,in additionto a very high PSNR(Peak Signalto NoiseRatio) of our compiession
techniquerelativeto otherknownpoint setsubsamplindechniques.

CategoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.5[ComputerGraphics]:ComputationalGeometry

andObjectModeling— Curve, surface,solid, andobjectrepresentations

1. Intr oduction

Dueto the advancesn 3D dataacquisitiontechniquesuch
aslaserrangescannerspoint setsurfacesare increasingly
popular As scanningdevices producehigher detailedsur

facesthat containhugenumberof unoiganizedpoints, sur

facereconstructioralgorithmsneedlarge memoryandrun-

ning time. Clearly, the samplingby theseautomaticscan-
nersarenotdependenbnthesurfacefeaturesandhencethe
datasetsexhibit a large proportionof redundantinforma-
tion. Simpli cation of suchpointsetsis oneof theimportant
preprocessingechniquedor making storage fransmission
computationanddisplaymoreef cient. Otherthantheseap-
plications,the time consumingprocessessuchascomputa-
tion andpolygonizationjnvolvedin thereconstructiomf the
surfacefrom its pointsamplesusingimplicit representations
bene t alot by reducednput pointset.

In this paper we presenta novel point cloud simpli -
cation methodthat is suitablefor implicit representations.
Themethoduseghecurvaturesof implicit functionsandthe
distribution of CSRBFs(CompactlySupportedRadial Ba-
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sis Functions)[Wen95 MYR”01] in orderto prioritize the
pointsto beremosedandsimpli es themodelprogressiely.

Themaincontritutionsof our paperareasfollows.

1. Our point cloud simpli cation techniqueis feature-
sensitve, hasguaranteedsamplingdensity is easyand
ef cient to computeandsimpleto implement.

2. Speci cally, our point decimationschemedoesnot re-
quirere tting of implicit surfacesfor every iteration of
pointremoval andre-prioritization.

3. Wealsoproposeatechniqueo compresshe CSRBFco-
efcients of theimplicit surfacethatis t over the sim-
plied point model. Our coderstoresvertices,normals,
andCSRBFcoefcients withoutusingmeshconnectvity
unlike othercornventionaltechniques.

4. By virtue of our choice of CSRBF as the preferred

implicit representationas against other multi-level ap-
proachesthe compressedmplicit functionscan be di-
rectly usedin the applicationswithout re tting the sur
faces.Further the amountof storagerequiredto store
thesefunctions is just proportionalto the number of
pointsin thedataset.
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2. Relatedwork

There are quite a few paperson point set subsampling
and resamplingfor renderingand representationSome of

the techniquegrovide guaranteesn error in subsampling
by implicitly or explicitly measuringthe distancebetween
the smoothor piecevise linear surface t on the original

andreducedpoint sets.A few othertechniquesusea sim-

ple distance-between-pointsasedapproachto reducethe

numberof pointsand cannotstrictly guaranteeary quality

of simpli cation eitherin termsof surface approximation
boundsor in termsof local samplingdensity

Oneof the mostcommonlyusedsurfacerepresentations
is Point SetSurfaces(PSS)[ABCO”01] thatreducethe re-
dundantpoints by estimatinga point's contrikution to the
Moving LeastSquaregMLS) surfaces.

Pauly et al. [PGKO0Z introducevarioussurfacesimpli -
cationtechniquego point sets.Theincrementakndhierar
chical clusteringiiterative simpli cation, andparticlesimu-
lation algorithmareimplementedo createapproximations
of point-basedsurfaceswith lower samplingdensity In it-
erative simpli cation, they usethe in uential surfacesim-
pli cation of the quadricerror metricin [GH97]. The non-
uniformity in samplingdistribution is addressedy resam-
pling usingthe MLS methodwhich is basedon sampling
densityestimation.However, this methoddoesnot provide
ary absoluteor relative samplingdensityguarantee.

MoenningandDodgsonsuggesh coarse-to- neuniform
or feature-sensite pointcloudsimpli cation algorithmwith
usercontrolleddensityguarante¢MDO3]. In [MDO04], they
build uponthe intrinsic point cloud simpli cation ideaput
forward in [MDO3]. It supportsboth sub-and resampling
of point setsfor dealingwith non-uniformity and under
samplingin the input. Since both techniquesare generic
simpli cation algorithms,the simpli cation accurag is not
measuredagainstary implicit or other surfacerepresenta-
tions.In otherwords,it hassamplingdensityguarantedut
doesnotguaranteary boundson surfaceapproximation.

Anotherstreamof researctthatis relevantto our work is
the explicit computatioranduseof cunatureof the surface
for simpli cation. In meshsimpli cation, thealgorithmpro-
posedby Turk [Tur92) usesrepellingparticlesto re-sample
the polygonizedsurfacesusing curvaturemeasurementsn
[MGWO035], a classof enegy functionsfor distributing par
ticles on implicit surfacesis usedfor the curvature based
samplingof implicit surfaces.Thesetechniquesarefunda-
mentallyresamplingechniquesasagainstour subsampling
technigueln otherwords,they usea (polygonalor implicit)
surfacerepresentatioto move the pointson the surfacefor
betterpositioning.They arecomputationallyexpensve and
acoarserpointsetis notastrict subsebf the ner pointset.

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

data[ SPOK95T099. RBFshave beenemployedwith bet-
ter resultsthan competingtechniquesespeciallyfor pro-
ducinghigh quality surfaces repairingincompletedataand
in methodsrequiringno topologicalconstraintsThe funda-
mentalproblemwith RBF is its computationcostin terms
of the needfor solving large linear systemshatis propor
tionalto the sizeof thepointdataset.Henceits applicability
is limited to smallpoint sets.

For modeling the large point sets, CSRBFsthat make
the linear algebraicequationsparsg Wen95 MYR”01] and
the fast RBF-basedmethod using FMM (Fast Multipole
Method)[CBC"01] areproposedMoreover, multi-scaleap-
proachto interpolatepoint setsurfaceswith irregularly sam-
pledand/orincompletedatal OBS03 andMPU (Multi-level
Partition of Unity Implicits) making useof the partition of
unity weights and local piecavise quadric approximation
functionsaresuggestedOBA”03]. Sincea hierarchicalap-
proachsolve CSRBFsto reducethe implicit error at each
level, it usesmore CSRBF coefcients than single level
CSRBFs.Further since partition of unity approachneeds
the overlappedareato make the functionsblendedwe need
moreCSRBFcoefcients too.

As for implicit representationappliedfor the shapecom-
pression,[CBC"01] proposesa coarse-to- negreedyalgo-
rithm basedon the tting accurag to reduceRBF centers
to represent surface.Sincethis methodhasto solve RBFs
iteratively, it is computationallyexpensve.

In this paper we proposea point cloud simpli cation
techniquéfor implicit representationandcompressmplicit
functions.SinceCSRBFsareableto reconstructarge point
setsand CSRBFrepresentationwhich are similar to RBF
representationgCBC"01] aresuitablefor datacompression,
we useCSRBFsfor theimplicit surfacereconstruction.

Therestof the paperis organizedasfollows. We rst in-
troducethe CSRBFimplicit surfaceqSection3), our choice
of speci c CSRBFsurface(Section3.1), measuremerdf er
rorin tting the CSRBF(Section3.2), and computationof
cunaturein implicit surfaceqSection3.3). Followedby this
elaborateintroductionon de nition and computationtech-
niguesof CSRBF, we introduceour point simpli cation al-
gorithm (Section4) with specialstresson the costfunction.
We analyzevariouseffects and facetsof this algorithmin
Section4.1 The algorithm describedyeducesthe number
of points of the datasetthusrequiringlessstoragefor the
CSRBFdata.We furthercompressghis datausinglossyand
losslesscompressiortechniquegSection4.2). Finally we
discusgheresultsof our methodswith comparisorto other
stateof thearttechniquegSection5).

3. The CSRBFImplicit Surfaces

Let usconsidera setof pointsf pigi'\i , Scatterechlongasur
facewith unitnormalsf nigl\ ;. Wewishto nd afunction f
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thatinterpolated pigl ; implicitly.
f(pi)=0; i=1;00¢;N: 1)
To make thesolutionof Equationl unique off surfacepoints

f pigi'\ﬂ N+ 1 areappendedo theinputdataalongthe unit nor-
malsf nigl ;, suchthat

f(pi) = 0; i= 1,008;N; 2
f(pi) = di 6 0; i= N+ 1; ¢¢; M: 3)

In this paper we assumehat the numberof pointson the
surfaceandoff the surfacearethe same:M = 2N. We cre-
ateoff-surfacepointsononly the (insideor outside)of every
surfacepoint. Theoff-surfacefunctionvaluesd; areassumed
to be positive outsidethe objectand negative insidethe ob-
ject.

Now, thefunctionvaluesf(x) atall pointsx in spacecan
bede ned usingthebasisfunctions,namelythe CSRBF Let
Q = fpigM; beinputpoints.Then,

f0= & lijsGixi piii); @
pi2Q
wherej s(r) = j (r=s), j (r) is the CompactlySupported
Radial Basis Function (CSRBF). The supportsize or, in
otherwords, the rangeof in uence of a point p; is given
by s. Thevalueof the supportsize s is determineddy the
samplingdensityasrecommendety [OBS03.

The CSRBF(Equation4) implicit representatioiis basi-
cally given by the function centersf pigi"ﬂ 1 andtheir corre-
spondingcoefcients f | igi'\i 1. Dueto this simplerepresen-
tation structure, CSRBF are particularly amenableto data
compressionOur schemefor CSRBF compressioris de-
scribedin Section4.2

3.1. Choiceof CSRBF BasisFunction

Therearemary differentkinds of CSRBFfunctionsthatare
usedfor differentpurposesndwith differentordersof conti-
nuity. We analyzea speciakind of CSRBFcalledthe Wend-
land's CSRBF[Wen9] which is generallyusedfor surface
reconstructiorpurposeswith C°, C2, C4, andC® continuity
aslisted below, whereCSRBFsarede nedto beOif r > 1.
We chooseheonethatgivesusthebestresult.

CPlj(n=(1ing
CClj(n=(1ini@r+1)
C*[j(n=(1in%(@e*+18+3)

B lj)=(@inN8@E23+25Z+8r+1)

We reconstructednodelsundervarying samplingdensity
usingtheabove four CSRBFsandmeasuredheerrorof each
of the reconstructiorfrom the original point set. Figure 1
shaws the reconstructecstanfordBunry modelsusingthe
four CSRBFsusingthe samereconstructiorkernel(support
size).Fromthegraphin Figurel, we seethatfor all sizesof
the model,the quality of reconstructiorof the surfacewith
orderC? CSRBFis betterthanthe otherthree.Furthermore,

°c TheEurographic#ssociation2006.

72

70 et
e e
68 BNt
s ,a/?/a/
66 /::/v e
2 64 / —
x T
z "
P
60 / 5
+ C
8 / w2
= c*
56 = 8

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Number of points

Figure 1: Top four models:reconstructionof the simpli-
ed Stanfod Bunnypointsetconsistingof 3,334points.Bot-
tomgraph: reconstructioraccuracy of numberof pointsand
PSNRby four kindsof CSRBFn Stanfod Bunnymodel.

the orderC2 CSRBFshaved the bestquality in othermod-
els (Armadillo and Venus)also.Hencewe useWendlands

CSRBFwith C2 continuity as our representatie function

throughouthis paper In this paper althoughwe restrictour

analysisto this particular CSRBF, note that our methodis

generaknougho beapplicableto any CSRBFE In thegraphs
shawn, the quality of the reconstructioris measuredising
PSNRasdescribedn Section3.2

3.2. Measuring SurfaceFitting Err or

Throughouthe paperwewill bemeasuringhedeviation of

theimplicit surface t overareducedsetof pointsfrom the

original model. The errorin geometryis usually expressed
in termsof PeakSignalto Noise Ratio (PSNR). PSNRis

de nedas

PSNR[dB] = 20£ log, %k; 5)
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Figure2: Curvatue measuesof Stanfod Bunnymodeland
Armadillo modelusingMPU implicits.

where “peak” is the model’s boundingbox diagonaland
d is the distanceof a point from the describedgeometry
While comparingtriangularsurfaces,d is measuredising
metricslike Haudorf metric. In caseof implicit surfaces,
Taubin[Tau9] justi es theuseof afunctionspeci cally de-
signedfor implicit surfacesto measural. This Taubindis-
tanceof a point p;j is given by jf(p;)j5Nf(p;)j. In other
words,eachdistanceof a point from the zerosetof theim-
plicit surfaceis normalizedusingthe rate of changeof this
function at that point. This accountsfor the non-uniform
scaling or warping of the coordinatesystemby the im-
plicit function.For example sinceanellipsoidgrows slowest
alongits smalleskeigenvector the unit-distancesalongthe
threeaxesis expressedn termsof thevelocity of theimplicit
frontin the particulardirection.

The above normalizeddistancemeasurds whatis com-
monly usedwith implicit surfacesas done by, for exam-
ple, [OBA"03] for adaptve octreesubdiision of MPU im-
plicits. We alsousethis distancgunctionin thecomputation
of PSNRasdescribedelow.

LetP = fpigl ; beoriginal pointset.d is de ned asthe
averageof algebraicsumof Taubindistances.

&pzp i f(PIFNT(PI)]

d= N (6)

Note that this PSNR measurements not specic to
CSRBEF, but applicableto ary implicit function.

3.3. Measuring curvaturesof implicit surfaces

The cunatureof implicit surfacesis derivedfrom its closed
form expressionandfrom the rst principlesof differential
geometryasthe secondrderpartial derivativesof thefunc-
tions.In [AJ04], the computeccurvatureis usedfor polygo-
nizing closedimplicit surfaces We malke useof it for iden-
tifying the featuresand simplifying the point setbasedon
thesefeaturesWe brie y describeéhemethodof computing
the curvaturefor the sale of completion.

Let us considerthe implicit function f(x) = 0. The gra-
dient vectorg andthe normal unit vectorn are de ned at

thearbitrarypointx usingthe rst orderpartialderivative of
f(x).
g= Nf; and n=g=kgk: ©)

The curvaturesof function f(x) arede ned asmatrix C by
the partialderivativesof thenormaln.

e Inx I
2% R
= gy Iy _nyé
C=dx W T ®
fn,  fn, 1,
EO T

Theabove matrixis therank-de cientshapeoperatomatrix
of thesurfacewhoserst two eigenvaluesgive the principal
cunaturesk; and k», the third value being zeroalongthe
normalvectordirection.

4. Our Point Cloud Simpli cation Algorithm

We have seenthatthe numberof basisfunction centersand
the coefcients for CSRBFis proportionalto the numberof
pointsamplesn themodel.Thegoalof our pointcloudsim-
pli cation algorithmis to reducetheassociate€CSRBFdata
by reducingthe numberof points. The ideabehindreduc-
ing the setis to assignanimportancevalue or a costvalue
for every point in the datasetandremove the point thatis
leastimportant.Oncea point is removed, its neighborhood
pointswould gain moreimportanceby virtue of fewer points
representinghatregion, andhencetheir costvaluesarere-
evaluated.The above processs repeatedill adesirednum-
berof pointshave beenremoved.

The Cost Function: One of the main contributions of this
work is the costfunction to evaluatethe importanceof a
pointin thedataset.LetP = fpig}\il beinput pointsscat-
teredalonga surface.We de ne the suitability of the point
pi for remoal as
_ Nit&p2p jsiipji pili)
- K ’ (9)
|
wherej s(r) = j (r=s),j (r) = (1j r)4(4r+ 1) is Wend-
land's CSRBF[Wen9]. s is its supportsizedecidedby the
recommendedupportsize [OBS03 scaledby a subsam-
pling supportsizefactor, a. N; isthenumberof pointswithin
theradiuss of p; andkK; is the cunatureof the original sur
faceatp; computedasK = e+ maxjkij;jkoj), wheree> 0
is usedto avoid division by zeroin Equation9. Sincewe
usec asarelative measurdor comparingtheimportanceof
points,theabsolutevalueof e isimmaterial. We usee= 1:0
in our experimentsMore informationon estimationof K is
givenlaterin this section.

Ci

Theintuition behindthis costfunctionis to have the dis-
tribution of pointsproportionako thelocal curvature Higher
cunatureregions,indicating featuresrequirehigherdistri-
bution andvice-versa,andthe ratio of thesetwo quantities
shouldbeapproximatelfthesameatall pointsin thedataset.
The numeratorof the costfunction, &p.2p js(iipji Pii)
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estimateghe contritution of the point p; to the CSRBFsur
facein p;'s neighborhoodThe curvatureat that point being
aconstantjf therearemary pointsin the neighborhoodthe
importanceof the contritution of a singlepointreducesand
the point's importanceincreasesf it is oneof the very few
pointsrepresentinghe neighborhoodThis aspecf impor-
tanceestimationis capturedy the scalefactorN;. Hence if
G is high,thecorrespondingpoint'simportancen its neigh-
borhoodis low, andhencethe distribution of pointsin that
region is unusuallyhigh with respecto the curvature.Such
pointsarebestcandidate$or removal.

Curvature Estimation: In orderto computethe suitability
of every point for removal, we needto calculatethe curva-
tureof thesurfaceatall thepoints.Computatiorof cunature
(referto Section3.3) requirestting of implicit surface Note
thatthe goal of our algorithmis to make the CSRBFcom-
putationviable by reducingthe point set,andthis prohibits
theuseof CSRBFto theinitial datasetin orderto compute
thecunature.Sincenormalcurvatureis aninherentproperty
of asurfaceandindependentf its functionalrepresentation,
ary smoothfunctionthatamuablyrepresentshe surfaceof
the point setcorrectly canbe used.We usea fast,local im-
plicit function, the MPU implicits [OBA®03], to compute
the curvature of the original model (andis computedonly
once).Figure 2 shavs the maximumabsolutecurvaturesof
StanfordBunrny andArmadillo models.Noticethe expected
cunaturemeasurementms the partsof eyesof the Bunry
modelandhandsandlegsof the Armadillo model.

4.1. Analysis of the Algorithm

Puttingthingstogetherwe rst computethecurnvatureatev-
ery point on the given datasetusing MPU implicit tting.
Oncethecurvaturesareset,thesuitability costof every point
for removal is calculatedasgiven by Equation9. The point
with maximumvalue of ¢, pmax is removed. This removal
would affect the costof all pointswithin aradiusof s from
Pmax hencethey arerecomputedFromthe new setof cost
values the point with maximumvalueof ¢ is again chosen,
andthe abore processs repeatedill a desirednumberof
point reductionis achiezed. Note that the curvatureis com-
putedonly oncebasedon the original modelandis not re-
computedor every iteration.

Thedistribution of thevaluesof thecostc is animportant
indicatorof the uniformity of distribution of pointswith re-
spectto therequirementlemandedby thelocal curvature.In
effect, our simpli cation algorithmstrivesto make the cost
valuesamefor all pointsthrougha singleoperationnamely
thepointremoval. Henceour algorithmis strictly a subsam-
pling algorithmin which subsequenitevels of detail of the
modelis a strict subsebf its parentmodel. The histograms
shavn in Figure 3 illustratethe distribution of c aftera se-
quenceof point removal operations.The shrinking of the
rangeof c indicatesincreasinguniformity in the valuesof
C.
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Note thatover the sequenc®f point removal operations,
thevaluesof ¢; monotonicallyreducesHencethe histogram
in Figure3 will only be pushedowardsc = 0. Ideally, there
aretwo (probablydependentparameterin the algorithmic
designspace- the value of ¢ andthe numberof pointsin
the nal model.If anotherfundamentabperation,namely
the addition of a point is allowed, thenwe canexplore the
entiretwo dimensionakolutionspace Speci cally, givena
valueof c¢, we canaddpointsin the region with lower c to
increasets value,andremove pointsasbeforein theregions
of highervalueof c to reduceits value,in effectincreasing
thenumberof pointswith ¢ = c¢¢. With this additionaloper
ation, we canperformboth subsamplingandresamplingof
thegivendataset.

4.2. Reconstructionand Compressionof CSRBF
surfaces

We t a CSRBFsurfaceon the subsamplegoint dataset
usingthe samefunctionin Equation4, wheres is its sup-
portsizedecidedoy therecommendedupporisize[OBS03
scaledby areconstructiorsupportsizefactor, b. Thevalue
of b may bedifferentfrom subsamplingupportsizefactor
a whosevalueis notknown atthereconstructiorstage We
achieze a major compressionn surfacerepresentatiofust
by subsamplinghe point set. Furthercompressiorcan be
achieved by encodingthe centersandthe coefcients of the
nal CSRBFt onthereducedpointset.

SinceCSRBFssolvethelinearalgebraieequationthesur
facesgeneratecby the CSRBFsare very sensitve to the
coefcient values.Sinceeven small perturbationsn these
coefcients areundesirableye usea losslesscompression
schemelike PPM to encodethem. On the other hand,the
CSRBF surfacesare imperviousto slight perturbationsof
thepointlocationsandtheir normalvectors Hencewe usea
lossycompressioffior verticesandnormalsin our coder

We encodethe simpli ed pointsetp; andits normalvec-
torsn; usinglossyscalamuantizatiorandarithmeticcoding,
andthe CSRBFcoefcients I usinglosslessPredictionby
Partial Matching(PPM) coding[CW84].

5. Resultsand discussion

We compareour pointcloudsimpli cation techniqueagainst
knowvn meshsimpli cation techniquesfor different mod-
els shawn in Figures4 and5. The technique[Hop99 us-
ing quadric error metric [GH97] (Quadric Decimation),
the vertex clustering techniqueby quadric error [Lin0Q]

(Quadric Clustering),the decimationalgorithm of triangle
meshes[SZL92 (Decimation),and the progressie mesh
decimationbasedn [SZL92 Hop9q (Progressie Decima-
tion) are the other techniquesusedto reducethe number
of points.We t the CSRBFsurfaceover thesesimpli ed

pointsfor comparisonWe useVisualizationTool Kit (VTK)

implementatiorof all thesealgorithms.
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Figure 4: Simpli cation accuracy of numberof pointsand PSNRon Stanfod Bunnymodelconsistingof 35,947points (left
graph)and Armadillo modelconsistingof 172,974points(right graph).

Figure 4 shaws the simpli cation accurag in termsof
numberof points and PSNR. Our subsamplingwas done
usingthreedifferenta valuesandreconstructiorusingthe
sameb valuein all casesTheminimal numberof pointsare
differentfor eacha becaus®f simplifying until thenumber
of pointsin the supportof eachCSRBFbecome®ne.Thus
our techniquecan lead to minimal densitywith respectto
the featureof the point. The PSNRis betterfor lower val-
uesof a sincea smallersupportsize can capturethe fea-
turesof themodelbetterthanlargersupportsFurtherin our
experimentswith both the Bunry andthe Armadillo mod-
els, our methodis in generalbetterthanall othermethods.
In the Bunry model, this is especiallytrue for simpli ed
modelwith lessthan 5000 points, sincefor fewer number
of points,the samplingbecomesnoreregularin our simpli-
cation process.

Figure 5 shaws our simpli cation resultson the Venus
model. The top row shaws the reconstructednodelswith
the pointsfrom our subsamplingechniqueThe middle row
shavs the reconstructednodelsfrom the points reduced
by quadricdecimation[Hop99. As bothtechniquesecon-
structthe modelswell, resultsof our techniqueseento look
smoothersinceat lower point countthe uniformity in sam-

pling gainsmoreimportancehanthecurvature Further this
smootheningffect alsodistributesthe errorthusincreasing
the PSNR.Theseeffectscanbe deducedrom theaccompa-

nying graph.

The timings for simplifying the points dependon the
model size and the supportsize of CSRBFE On Stanford
Bunry model, points are simpli ed to 10% of its original
sizeatarateof over 4100pointspersecondor variousval-
uesof a; over 3300 points per secondo reducethe Venus
modelto 5% of its original size,and over 2500 points per
secondo reducethe Armadillo modelto 5% of its original
size.Time benchmarksremeasurean Intel CeleronM 1.3
GHzprocessoand752MB RAM. The mostoftenrepeated
operationin our algorithmis nding the point with maxi-
mumc, removing thatpoint (andhencethec value)from the
list, andrecomputinghevaluesof cin its neighborhoodwe
useda priority queueto do theseoperations.

Figure 6 shavs the compressiorresultsof CSRBFson
StanfordBunry. Thetop row shows thereconstructeanod-
els from the compressediata. Our coder usesPPM cod-
ing for CSRBF coefcients, and scalar quantizationand
arithmeticcodingfor verticesandnormals.The middle row
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shaws thereconstructednodelsfrom thelossyschemeThe
lossy schemecodesvertices,normals,and CSRBF coef-
cientsby scalarquantizationandarithmeticcoding.On the
top left model consistingof 1,381 points and the middle
left modelconsistingof 1,834 points,our codershows bet-
ter PSNRthanthe lossyschemeOn the otherfour models,
our coderhasabout2.0 to 5.0 PSNRbetterthanthe lossy
schemeThegraphcomparesate-distortiorcurveswith var
iousbits of vertices(V), normals(N). Thebits of CSRBFfor
thelossyschemearesetto 12 bits. The combinationsof 12
bits of verticesand 6 bits of normalsshav the bestPSNR.
As canbe seenfrom the lossyschemeCSRBFcoefcients
arevery sensitve for dataloss.

6. Conclusionsand futur e work

We have describeda newn point cloud simpli cation tech-
nique for implicit representation8y using the curvatures
of implicit functionsand the distribution of CSRBFs,our

techniques feature-sensiie, hasguaranteedamplingden-

sity, is easyandefcient to compute,andsimpleto imple-

ment. The quality of the simpli cation andreconstructioris

highlightedby thePSNRgraphsespeciallyin thesmallnum-

ber of points.We have alsointroducedcompressiorirame-

work for CSRBFs Our codercombineghelosslesscheme
for CSRBF coefcients and the lossy schemefor vertices
andnormals.Compresseimplicit 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 usefulin data
setsmore irregularly sampledand/or incompleteregions.
The bettercoderof verticesand normalsshouldbe imple-
mentedand the the way to reducethe entrory of CSRBF
coefcients losslesslyshouldbeinvestigated.
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