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Abstract

Surfacesplattingenableshigh quality andef�cient renderingalgorithmsfor densepoint-sampleddatasets.How-
ever, with increasingdatacomplexity, theneedfor multiresolutionmodelsbecomesevident.For triangle meshes,
progressiveor continuouslevel of detail hierarchieshaveprovento be very effectivewhenit comesto (locally)
adapt the resolutionlevel of the 3D modelto the application-dependentquality requirements.In this paperwe
transferthis conceptto splat-basedgeometryrepresentations.Our progressivesplat decimationprocedure uses
thestandard greedyapproach but unlike previouswork, it usesthefull splatgeometryin thedecimationcriteria
anderror estimates,not just thesplatcenters.With two improvederror metrics,thisnew greedyframeworkoffers
betterapproximationquality thanotherprogressivesplatdecimators.It comesevencloseto therecentlyproposed
globallyoptimizedsingle-resolutionsub-samplingtechniqueswhilebeingfasterbya factorof 3.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.5 [ComputerGraphics]:Curve,surface,solidand
objectrepresentations

1. Intr oduction

Point-basedgeometryreceivesmoreattentionin recentyears
and much work has been dedicatedto ef�cient acquisi-
tion, modeling, processingand renderingof point primi-
tives[GPZ� 04, KB04]. Themainadvantageof discretepoint
setsover"standard"polygonalmeshesis theirsimplicity and
�e xibility , i.e. they do not needto preserve any connectivity
information.

In order to visually �ll the gap betweenpoint samples,
point-basedmodels are usually generalizedto splat rep-
resentationsthat sampleand approximatethe surface ge-
ometry, and almostall available high quality and ef�cient
point-basedrenderingsystemstoday are adopting splat-
ting techniqueseither in object spaceor in image space
[RL00, ZPBG01, RPZ02, BK03, ZRB� 04, BSK04]. Froma
geometricpoint of view, splats(oriented3D ellipses)areno
morethanlinear surfaceelementswith �nite spatialextent
overlappingin C� 1 fashion,opposedto thewell established
C0piecewise linear polygonalmeshes.Most important,the
conceptual�e xibility of point-basedrepresentationsthatwe
canexploit is largely preservedfor surfacesplats,i.e. better
optimizationtechniquescanbeappliedto splatmodelsmore
easilythanpolygonalmeshes,thusleadingto higherquality
algorithms(eg. [WK04]).

Thanksto the evolution of modern3D photography and
3D scanningsystems,the data size of point models are
ever increasingdrastically nowadays [LPC� 00]. Despite
the fast rendering speedof point models on up-to-date
GPUs[DVS03, BK03], their sheerdatasize hasincreased
so fast that they have broughtgreatchallengesfor subse-
quentprocessingtaskslikemodelingandrendering.And this
would beevenmorecritical for low-endhardwareenviron-
mentslikemobilephonesor PDAs. In thissense,progressive
splatrepresentationsthatcanfreelyadjustthedatacomplex-
ity areof the sameimportanceasthe well-studiedprogres-
siverepresentationfor standardpolygonalmeshes[GGK02],
asprogressive or continuouslevel of detailhierarchieshave
proven to be very effective whenit comesto locally adapt
the resolution level of the 3D model to the application-
dependentquality requirements.

As most previous work to generateprogressive splat-
basedgeometryhasutilized the straightforward hierarchi-
cal spacepartitioningmethodor only focusedon in�nitesi-
mal isolatedpoints(centersof splats),they usuallyproduce
pooroutputsatcoarserapproximationlevelswhichcouldde-
gradethe visual appearanceof level of detailsrenderingin
thevery beginning.In this paperwe transfertheconceptof
the well-known progressive meshes[Hop96] from triangle
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Figure1: Progressivesplattingof Charlemagnemodel(600K points)fromleft to right with 2K;10K;70K and600K splats.

meshesto splat-basedgeometryrepresentations.Our pro-
gressivesplatdecimationprocedureusesthestandardgreedy
approachbut unlike previouswork it usesthe full splatge-
ometry(bothcenterandits extent)in thedecimationcriteria
anderrorestimatesandnot just thesplatcenters.As wewill
demonstratelater, with two improved error metricsgener-
alized from [CSAD04], this new greedyframework offers
muchbetterquality thanotherprogressivesplatdecimators.
Thereforeit is preferablefor thoseprogressive applications
like renderingandtransmission.Thequality thatwe obtain
is coming closeto the recentlyproposedsingle-resolution
high-quality sub-samplingtechniqueswhich are basedon
globaloptimization[WK04] while beingmuchfasterby an
averagefactorof 3.

1.1. RelatedWork

Considerablework hasbeenpresentedduringthe lastyears
relating to point-basedgraphicsresearch.A completesur-
vey to many other available point-basedtechniquesis be-
yond thescopeof this paper, while the readersarereferred
to [GPZ� 04, KB04] for thesamepurpose.

To constructmultiresolution point-basedmodels,most
previouswork hasadoptedthehierarchicalspacepartition-
ing strategy aiming at ef�cient visualization of complex
datasets.The input point set is clusteredwithin a hierar-
chical spacepartitioning data structureand representative
points or splatsare createdin eachnodeby analyzingthe
local surface properties.Rusinkiewicz and Levoy [RL00]
used bounding sphere hierarchies to perform recursive
point rendering.Piecewiseconstantaveragepointsarecom-
puted for all spheresin the structure.This idea was fol-
lowed in [DVS03] andthe pre-computedhierarchy wasre-
arrangedinto asequentialformatthatcanbeef�ciently pro-
cessedby nowadaysgraphicshardware. Many other pa-
pers also used octreesas underlying hierarchical struc-
tures[BWK02, Paj03, KV03]: while [KV03] only concen-
tratedon C� 1 piecewise constantpoints, [BWK02, Paj03]
canalsogeneratemultlresolutionC� 1 piecewiselinearsplat

geometry. More recently [SPL04] convertedthe output of
[Paj03] to multiplecontinuouslystoredharddisk�les to ren-
derlargesplatsamplesin anout-of-corefashion.In general,
hierarchialspacepartitioningtechniquesarestraightforward
andef�cient. However, dueto the lack of algorithmic�e xi-
bility, they areoftennot ableto produceprogressive models
of suf�cient quality especiallyin coarseapproximationlev-
els.Thisresultsin poorsplatrepresentationsin thebeginning
phasesof progressivesplatting(cf. Fig. 2).

Figure 2: Hierarchical spacepartitioning will lead to non-
uniform splat sizes(left) or splatsconnectingtwo distant
parts(right) in thecoarseleveldueto theless�exibleglobal
partitioning. Splatsare shownas thick lines and displaced
for clearillustration,surfacesasdottedcurves.Furthersub-
division (dashedlines,right) could improve theseproblems
but 1-to-n partitioning preventsthe granularly resolution
control of progressivemodels.

To achieve betterquality, thewell establishedgreedyop-
timization schemesusedin meshsimpli�cation has been
adaptedby various works [Lin01, PGK02, FACOS03] to
simplify point-sampledgeometry. Theirresultscannaturally
lead to a progressive surfaceformat for progressive splat-
ting. Unfortunately, they all focusedonly on the relation-
shipsbetweensplatcentersandhencerequireextra effort to
estimatetheactualsplatspatialextent.On thecontrary, tak-
ing thefull geometryof surfacesplatsinto account,Wu and
Kobbelt [WK04] presentedan optimal splat sub-sampling
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algorithmthat performsa greedyphasefollowed by a post
global relaxationoptimizationstep.The output quality of
this method is superior comparedto most other similar
schemes,which hasinverselycompromisedits progressive
capability due to its non-continuoussingle-resolutionsub-
samplingproperty.

2. Overview

Targetingat progressive splatting,we introducean iterative
greedysplatdecimationframework workingdirectlyonC� 1

piecewiselinearsurfacesplats.Intuitively, it functionsasthe
counterpartof thewell-known progressive meshes[Hop96]
in theC0 piecewiselinearpolygonalmeshessettingandthe
iterative point simpli�cation [PGK02] in theC� 1 piecewise
constantpointssetting.

Speci�cally, given the input point set, initial splatsare
�rst createdfor all point samples.Then all possiblesplat
merge operators arearrangedin a priority queueaccording
to anerror metricmeasuringerrorscausedby respectiveop-
eratorswith topelementhaving minimumerror. Iterativeop-
erationsareusuallyperformedrepeatedlywith applyingthe
top operatorandupdatingpossiblyaffectedoperatorsin the
queueuntil the desirednumberof splatsis reached.More
detailswill bediscussedin theupcomingsections.

3. Initial Splat Creation

The input of our algorithm is a set of unstructuredpoints
P = f pig suf�ciently sampling and describinga smooth
manifoldboundarysurfaceS of agiven3D object.Eachout-
put splatTi is a general3D ellipsegivenby its centerci , its
unit normalvectorni , andtwo additionalnon-unitvectorsui
andvi de�ning its majorandminoraxes.

Similarto [PGK02] and[WK04], in orderto analyzelocal
surfacepropertiesaswell astheassociatedinitial splatTi of
a point samplepi , thek-nearestneighborsNk(pi) have to be
computedbeforehand.Then a leastsquareplaneL can be
found for pi andNk(pi) de�ning the normalni of Ti , with
centerci = pi . As wesetall initial splatsto becircles,initial
ui andvi canbeany two orthogonalvectorsparallelto L with
samelengthr,

r = max





 (p j � ci ) � nT

i (p j � ci ) ni






 ;

for all p j 2 Nk(pi).

In the meantime,a virtual graphN = (P;E), wherethe
edge(i; j) belongsto E iff p j 2 Nk(pi), is alsoformedto rep-
resentthe above neighborhoodrelationship.This graphN
will bethesupportingdynamictopologyduringtheiterative
splatmergeoperations,i.e., asanextensionof thecommon
edgecollapseoperator[GGK02], a splatmerge operatorF
will mergetwo splatsTl andTr associatedwith endpointspl
andpr of an edgee 2 E into onelarger splatTm. Thusthe
orderingqueuewill initially containsplatmerge operators

correspondingto all edgesin E. Oncean operatorF is ap-
plied, e andotherdegeneratededgeswill be removed from
theedgesetE andpl andpr will bereplacedby anew point
pm = cm in thepoint setP.

4. Err or Metrics and Splat MergeOperators

In order to ensuresimilar approximationquality as that of
theestablishedmeshcases,two differenterrormetricsmea-
suringdistancedeviation andnormaldeviation respectively
arealsogeneralizedandembeddedinto thenew splatdeci-
mationframework. As splatmergeoperatorsheavily depend
onspeci�c errormetrics,wealsointroducetheirdetailinfor-
mationat sametime in thissection.

4.1. L2 Metric

TheL2 errormetricis basedonEuclideandistancemeasure-
ment.To beableto computethedeviation errorcausedby a
splatmergeoperatorF with respectto theoriginalpointset,
an additionalarrayof indicesf fig to the original points is
kept for eachsplatTi andinitialized with a singleindex f ig
referring to the initial point pi . When merging two splats,
their index arrayswill be united and assignedto the new
splat.Thenfor a mergeoperatorF , to mergesplatTl andTr
to new splatTm, theapproximationerroris de�ned as:

eF = kek � å
f 2f fmg

jdist(p f ;Tm)j2; f fmg = f fl g+ f frg: (1)

Note that the above error metric hasbeenweightedby the
length of the edgee measuringthe distancebetweentwo
mergedsplatcentersto penalizemerging two distantsplats
whichotherwisewouldproduceover-sizedsplats.

Given theL2 errormetric (1) andtwo splatsTl andTr to
bemerged,thenew splatTm canbedeterminedby applying
PrincipleComponentAnalysis(PCA[Jol86]) to thepointset
Pm = f p f g; f 2 f fmg in 3D directlyratherthantheprojected
point setin 2D as[Paj03]. Afterwards,we will have theav-
eragepoint p̄ aswell asthreerealeigenvaluesl 1 � l 2 � l 3
andthecorrespondingeigenvectorsv1; v2; v3. Thenfor Tm,
centercm = p̄, normal nm = v3, and two axes um and vm
will havedirectionv1 andv2 respectively with a lengthratiop

l 1=l 2. The�nal axislengthsarescaledsimultaneouslyso
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Figure 3: Splatmerge operators according to L2 error met-
ric (left) andL2;1 metric(right).
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Figure4: Igeamodel(134K points)coarsi�ed to samenum-
berof 13K splatsusingL2 error metric(left) andL2;1 metric
(right) with respectiverun time52 sec.and31 sec.andrel-
ativeHausdorff distanceerror 0:017%and0:022%.

that the elliptical splatTm coversall pointsPm in 2D when
they areprojectedontothesplatplane(cf. Fig. 3).

Oncea splatmerge operatorF is applied,the graphN
will beupdatedaswe have mentionedin Section3. Similar
to standardmeshsimpli�cation, all neighboringmergeoper-
atorsto Tl andTr in theorderingqueuehave to beupdated
with new mergeerrorsor removedfrom thequeueif they are
degeneratedandnotvalid any more.

4.2. L2;1 Metric

L2;1 error metric measuresthe deviation of normal direc-
tionsandis extendedfrom theoriginalmetric�rst presented
in [CSAD04]. In this case,theerrorcomputationis simpler
andwedonotneedto keeptheindex arrayeither. Giventhe
splatmerge operatorF , the respective areajTl j andjTr j of
two splatsTl andTr to be merged,similar to (1), the edge-
lengthweightederroris calculatedas:

eF = kek � jTl j � jTr j � knl � nrk
2 : (2)

Accordingto the L2;1 metric, the geometryof new splat
Tm is de�ned ascenter

cm =
jTl j � cl + jTr j � cr

jTl j + jTr j
;

andnormal

nm =
jTl j � nl + jTr j � nr

jTl j + jTr j
:

Theextentof splatTm is computedin thesamewayasfor the
L2 metricwith theonly differencethatratherthanprojecting
thepointsetPm (whichwedonotkeep),weuniformly sam-
plen points(usually8 is enough)onbothboundariesof splat
Tl andTr andprojectall of themto thesplatplaneof Tm to
�nd themainaxisdirectionsandproperscaling(cf. Fig. 3).

Figure 5: Progressivesplatting of Dragon model (438K
points)fromtop to bottomwith 2K;6K and20K splats.

Wehavecomparedtheeffectsof thedifferentL2 andL2;1

errormetricsin Fig. 4. It is notsurprisingthatwehavesimi-
lar observationsas[CSAD04]: L2;1 metriccanbettercapture
theanisotropy of thesurfacegeometry, while L2 metricwill
generatea moreuniform splatdistribution. Due to its sim-
ple computationalefforts, algorithmsusingL2;1 metricnat-
urally run muchfasterthanthoseusingL2 metric.Because
theerroris measuredasone-sidedmaximumHausdorff dis-
tancefrom theoriginal point setto coarsersplatapproxima-
tions (the percentageof the major boundingbox diagonal
length),it is alsoclear to seethat this distance-basederror
measurementfavorsdistance-basedL2 metricsovernormal-
basedL2;1 metrics.

5. ProgressiveSplatsFormat

Thesequenceof splatmergeoperatorsf F ig canberecorded
duringthesplatdecimationprocedure.Togetherwith there-
mainingcoarsebasesplatsetTB, thesplatmergeoperators
f F ig andtheirstraightforwardinverses,splatsplit operators,
form a progressive splatsformat in the similar way aspro-
gressivemeshes[Hop96] with themajordifferencethatpro-
gressivesplatsdonotmaintaintopologyinformation.
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Lookinginto details,theprogressivesplatsformatis com-
posedwith a basesplatsetTB anda setof continuousde-
tail operatorsf Y ig. EachsingledetailoperatorY i is derived
from correspondingrecordedsplat merge operatorF i and
will containthreesplat indicesl ; r;m and the geometryof
threesplatsTl ;Tr ;Tm. Thedatastorageis amountto 48Bytes
peroperatorundersingle�oating pointprecision.For re�ne-
ment, the splat of index m will be split and replacedwith
two smallersplatsTl andTr ; For coarsi�cation, two splats
of respective indicesl and r will be merged and replaced
with a larger splat Tm. Note that by utilizing this progres-
sive splatsformat we can perform both up-streamingand
down-streamingwithoutany extradatastorage,andthuscan
producesplatmodelsat arbitraryresolution.This alsowill
supportef�cient applicationslike progressive renderingand
transmissionof surfacesplats.

6. Results

Wehave testedourprogressivesplattingalgorithmwith var-
ious point-baseddatasetson a standardLinux PC with 2:8
GHz CPU and2 GB main memory. If not otherwisespec-
i�ed, k-nearestneighborsis always set to k = 8 and the
L2;1 error metric is appliedto producethe reportedresults.
Shadedresultsto show theoverall visualqualitycanalready
befoundin Fig. 1 andFig. 5, wheresplatsarealsoshrinked
to demonstratetheir shapesanddistribution.

6.1. Comparison to Splat DecimationMethods

We conductcomparative analysisof our progressivesplat-
ting algorithm (denotedas PSP)with the other two typ-
ical progressive splat decimators, the LOD point ren-
dering (LOD) [Paj03] and iterative point simpli�cation
(IPS)[PGK02], andthesingle-resolutionoptimalsplatsub-
samplingscheme(OSS) [WK04] respectively. For LOD,
splatsin the sameOctreelevels will be collectedand for
IPS,anextrastepis necessaryto convert its point-basedout-
put to thesplatrepresentationusinga strategy similar to the
onediscussedin Section3.

Quality Theresultqualityof differentmethodsis estimated
in thefollowing aspects:

� Err or measurementcapturesthestatisticaldistancesbe-
tween decimatedsplat approximationsand the original
point model.Fig. 7 comparesthe threeprogressive splat
decimatorswhile in Fig. 8 errorscausedby our progres-
sivePSPalgorithmanddiscreteOSSschemearereported.

� Visual quality dependsontherenderingeffectsaswell as
thesplatshapesanddistribution (seeFig. 8 andFig. 10).

� Ar earatio betweentheareasumof splatapproximations
andthemeshsurfaceareaof theoriginalpointmodel(see
Tab. 1). With samenumberof splats,thesmallertheratio,
thesmallertheareaof splatsto berasterizedin the frag-
mentshaderof GPU,andthefastertherenderingspeed.

nsplat PSP LOD IPS OSS

415 2.18 2.34 4.14 1.63
2591 2.52 2.71 4.12 2.15
11588 3.23 3.22 4.23 3.13

Table 1: Area ratio for different splat decimationmethods,
normalizedto the initial surfacearea of the triangle mesh.
Thisfactor measureshowmuch overdraw occurs in theras-
terizationof thesplats.
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Figure 6: Computationtimesfor differentsplatdecimation
methodswhere for PSP, OSSand IPS, timesare measured
for a simpli�cation to 1% of the input modelsizeandLOD
is its wholestructurecreationtime.

Consideringof all above threecriteria in combination,it is
not dif�cult to tell that, amongthe threeprogressivesplat
decimators,our PSPalgorithmalwaysperformsbetterthan
both LOD and IPS. Especiallyon coarserscales,we �nd
that becauseLOD merely adoptedoctreespacepartition-
ing schemeandIPSonly consideredpoints,i.e.splatcenters
ratherthanwhole splats(onereasonfor its large arearatio
too), they could not produceas promisingresultsas ours.
In addition,althoughthesingle-resolutionOSSusuallypro-
ducesbestquality due to its global optimization,OSScan
notcreateprogressivesplatrepresentationsandevenin some
aspects(e.g. error measurement)our PSPmethodcomes
quitecloseto thebestOSSsolutionalready.

Timing Computationtimes of different splat decimation
methodsareshown andcomparedin Fig. 6 asfunctionsof
input modelsize.No wonderthatLOD runsfastestasit has
a quite simple algorithmic structure.Although both using
the samegreedyframework, our PSPalgorithm is slower
than IPS which hasadoptedef�cient quadricerror metric
(QEM) [GH97], asit hasto composeandsolve least-square
systemsin eachsplatmergestep.And it is notasurprisethat
thebest-qualityOSSneedsmostrunningtimebecauseof its
complex globaloptimizationtechniques.Nonetheless,since
high computationalcostshave beentradedwith improved
output quality, and sinceall splat decimationschemesare
pre-processingprocedures,the amountof runningtime we
have reportedis alwaysendurable.
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Figure 7: Error comparisonson bunnymodel(35K points)
for differentprogressivesplatdecimators.

Figure 8: Bunnymodel(cf. Fig. 10) decimatedto similar
numberof splatsbyprogressivePSP(left, 2591) andsingle-
resolutionOSS(right, 2577) algorithms.AlthoughPSPand
OSShavequitecloseerrors(0:103%to 0:092%), beingable
to concentrate more splatson regions of high curvatures,
OSSgivesbettersplatshapesanddistribution thanPSP.

Discussion In general,LOD andIPS run very fastwhile
producingresultsof inferior quality. On the contrary, OSS
cancreateoutputwith bestqualitybut is signi�cantly slower.
Our progressive PSPalgorithmis intendedto �ll this gap:it
runsonly alittle slowerthanLOD andIPSwhile muchfaster
thanOSS,andit offers resultquality very closeto the best
OSS.In fact,whatwe have providedhereis alsoa practical
guideto choosedifferentsplatdecimationstrategy basedon
thespeci�c quality-timetradeoff.

6.2. Comparison to MeshSimpli�cation

We alsocomparein Fig. 9 our PSPsplatdecimationalgo-
rithm to QEM meshsimpli�cation method[GH97] thatcan
produceprogressive meshes[Hop96]. Thetwo methodscan
producequitesimilar resultsdueto thesamegreedypiece-
wiselinearapproximationnature,but it is alsoworthto men-
tion thelowerapproximationerrorof ourresultsassplatsare
more�e xible andcanoverlapwith eachotherwhile triangles
arerigidly connectedin aC0 fashion.

Figure 9: Isis mesh(188K points) decimatedby our PSP
algorithm (left two) and QEM simpli�cation (right two) to
same2K splatsandverticeswith respectiverun time31sec.
and28sec.andrelativeerror 0:51%and0:63%.

7. Conclusions

Multiresolutionrepresentationsarealwaysnecessaryto deal
with largedatasets.Previouswork on progressive splatdec-
imation usually utilizes a hierarchicalspacepartitioning
strategy to createcorrespondingmultiresolutionformats,or
adoptsa greedyframework with the strategy of focusing
only on therelationshipsbetweensplatcenters.As we have
shown in the paper, althoughrunning very fast, thesetwo
strategiescannot produceplausibleresultsat thecoarseap-
proximationlevel. This may be problematicin somecases,
e.g. during progressive renderingfrom low resolution to
higherone,muchlower renderingquality will appearin the
verybeginning(cf. Fig. 10). In thispaperwehavepresented
a greedyprogressive splatdecimationalgorithmwhich uti-
lized the full splatgeometryin the decimationcriteria and
errorestimatesnot just thesplatcenters.It offersmuchbet-
ter quality thanotherprogressivesplatdecimatorsandalso
comesquite close to the recentlyproposedglobally opti-
mizedsingle-resolutionsub-samplingtechniqueswhile runs
muchfaster. In summary, oursplatdecimationalgorithmcan
beanew candidateto generateprogressivesplatmodelswith
agoodtime-qualitytradeoff.

Oneof themostobviousfuturestepswouldbetheout-of-
core implementationsof the proposedmethodlike stream-
ing processingfor polygonalmeshes[WK03] as they are
essentialto dealwith thosemassive point models.In addi-
tion, becauseourcurrentprogressivesplatformatstill needs
quite a lot storagespace,the simpli�cation of progressive
structuresis alwaysimportantfor applicationslike progres-
sive data transmission.Progressive geometrycompression
schemes[GD02, AG05] couldalsobeemployedin oursplat
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Figure 10: Visual comparisonsof LOD (top row), IPS (top middle),our algorithm PSP(bottommiddle)and OSS(bottom)
where thebunnymodel(35K points)is approximatedwith samenumberof 415(left), 2591(middle)and11588(right) splats
for LOD, IPSandPSPand419, 2577and11564splatsfor OSSrespectively.

settingto furtherreducethedatasize.Finally selectiveLOD
splatrenderingsystemsneedto bedevelopedbasedon this
progressivesplattingtechniques.
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