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Abstract

Surfacesplattingenableshigh quality and ef cient renderingalgorithmsfor densepoint-samplediatasetsHow-
ever, with increasingdata compleity, the needfor multiresolutionmodelsbecomesvident.For triangle meshes,
progressiveor continuoudevel of detail hierarchieshaveprovento be very effectivewhenit comesto (locally)
adaptthe resolutionlevel of the 3D modelto the application-dependerquality requirementsin this paperwe
transferthis conceptto splat-basedyeometryrepresentationsOur progressivesplat decimationprocedue uses
the standad greedyappmoac but unlike previouswork, it usesthe full splatgeometryin the decimationcriteria
anderror estimatesnotjustthe splatcentes. With two improvederror metrics,this new greedyframavork offers
betterappoximationquality thanotherprogressie splatdecimatos. It comesevencloseto therecentlyproposed
globally optimizedsingle-resolutiorsub-samplingechniqueswhile beingfasterby a factor of 3.

CategoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.5[ComputerGraphics]:.Curve, surface,solid and

objectrepresentations

1. Intr oduction

Point-basedeometryrecevesmoreattentionin recentyears
and much work has been dedicatedto efcient acquisi-
tion, modeling, processingand renderingof point primi-
tives|GPZ 04, KB04]. Themainadwantageof discretepoint
setsover"standard'polygonalmeshess their simplicity and
e xibility, i.e. they do not needto presere ary connectvity
information.

In orderto visually Il the gap betweenpoint samples,
point-basedmodels are usually generalizedto splat rep-
resentationghat sampleand approximatethe surface ge-
ometry and almostall available high quality and ef cient
point-basedrendering systemstoday are adopting splat-
ting techniqueseither in object spaceor in image space
[RLOO, ZPBGO01, RPZ02 BKO03, ZRB 04, BSK04. Froma
geometrigpoint of view, splats(oriented3D ellipses)areno
morethanlinear surfaceelementswvith nite spatialextent
overlappingin C 1 fashion,opposedo thewell established
Copiecavvise linear polygonalmeshesMost important,the
conceptuale xibility of point-basedepresentationthatwe
canexploit is largely preseredfor surfacesplats,i.e. better
optimizationtechniquesanbeappliedto splatmodelsmore
easilythanpolygonalmeshesthusleadingto higherquality
algorithms(eg. [WKO04]).
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Thanksto the evolution of modern3D photograpl 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[DVSO03 BKO03], their sheerdatasize hasincreased
so fastthat they have broughtgreatchallengesfor subse-
guentprocessingaskdik e modelingandrenderingAnd this
would be even morecritical for low-end hardware ernviron-
mentdik e mobilephonesor PDAs. In thissenseprogressive
splatrepresentationhatcanfreely adjustthe datacomplex-
ity areof the sameimportanceasthe well-studiedprogres-
siverepresentatiofor standargolygonalimeshe$ GGK0Z,
asprogressie or continuoudevel of detail hierarchiehave
provento be very effective whenit comesto locally adapt
the resolutionlevel of the 3D model to the application-
dependenguality requirements.

As most previous work to generateprogressie splat-
basedgeometryhas utilized the straightforvard hierarchi-
cal spacepartitioningmethodor only focusedon in nitesi-
mal isolatedpoints(centersof splats)they usuallyproduce
pooroutputsatcoarseapproximatiorievelswhichcouldde-
gradethe visual appearancef level of detailsrenderingin
the very beginning. In this paperwe transferthe conceptof
the well-known progressie mesheqHop94 from triangle
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Figure 1: Progressivesplattingof Charlemanemodel(60K points)fromleft to right with 2K; 10K; 70K and60XK splats.

meshego splat-basedyeometryrepresentationsOur pro-
gressive splatdecimatiorproceduraiseghestandardyreedy
approachbut unlike previous work it usesthe full splatge-
ometry(bothcenterandits extent)in thedecimatiorcriteria
anderrorestimatesndnotjustthe splatcentersAs we will
demonstratdater, with two improved error metricsgener
alized from [CSADO04, this new greedyframework offers
muchbetterquality thanotherprogressivesplatdecimators.
Thereforeit is preferablefor thoseprogressie applications
like renderingandtransmissionThe quality that we obtain
is coming closeto the recently proposedsingle-esolution
high-quality sub-samplingechniqueswhich are basedon
global optimization[WKO04] while beingmuchfasterby an
averagefactorof 3.

1.1. RelatedWork

Considerablavork hasbeenpresentediuringthe lastyears
relatingto point-basedyraphicsresearchA completesur
vey to mary other available point-basedechniqueds be-
yond the scopeof this paper while the readersarereferred
to [GPZ 04, KB04] for the samepurpose.

To constructmultiresolution point-basedmodels, most
previous work hasadoptedhe hierarchicalspacepartition-
ing stratgy aiming at efcient visualization of comple
datasetsThe input point setis clusteredwithin a hierar
chical spacepartitioning data structureand representatie
pointsor splatsare createdin eachnodeby analyzingthe
local surface properties.Rusinkiavicz and Levoy [RLOQ]
used bounding sphere hierarchiesto perform recursve
pointrendering Piecevise constaneveragepointsarecom-
puted for all spheresin the structure.This idea was fol-
lowed in [DVS03 andthe pre-computedierarcly wasre-
arrangednto a sequentiaformatthatcanbeef ciently pro-
cessedby nowadaysgraphicshardware. Marny other pa-
pers also used octreesas underlying hierarchical struc-
tures[BWKO2, Paj03 KV03]: while [KV03] only concen-
tratedonC ! piecavise constantpoints, [BWKO02, Paj03
canalsogeneratenultiresolutionC 1piecewiseIinearsplat

geometry More recently[SPLO4 corvertedthe output of

[Pajo3 to multiple continuouslystoredharddiskles to ren-
derlarge splatsamplesn anout-of-corefashion.In general,
hierarchialspacepartitioningtechniquesrestraightforvard
andefcient. However, dueto the lack of algorithmic e xi-

bility, they areoftennotableto produceprogressie models
of sufcient quality especiallyin coarseapproximatioriev-

els.Thisresultsin poorsplatrepresentations thebeginning
phase®f progressie splatting(cf. Fig. 2).

Figure 2: Hierarchical spacepartitioning will leadto non-
uniform splat sizes(left) or splats connectingtwo distant
parts(right) in thecoarselevel dueto theless e xible global
partitioning. Splatsare shownas thick lines and displaced
for clearillustration, surfacesasdottedcurves Further sub-
division (dashedines, right) couldimprove theseproblems
but 1-to-n partitioning preventsthe granularly resolution
contmol of progressivamodels.

To achieve betterquality, the well establishedjreedyop-
timization schemesausedin meshsimpli cation has been
adaptedby various works [Lin01, PGK02 FACOS03 to
simplify point-sampledjeometryTheirresultscannaturally
leadto a progressie surfaceformat for progressie splat-
ting. Unfortunately they all focusedonly on the relation-
shipsbetweersplatcenterandhencerequireextra effort to
estimatethe actualsplatspatialextent. On the contrary tak-
ing thefull geometryof surfacesplatsinto accountWu and
Kobbelt [WKO04] presentedan optimal splat sub-sampling
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algorithmthat performsa greedyphasefollowed by a post
global relaxationoptimization step. The output quality of
this methodis superior comparedto most other similar
schemeswhich hasinverselycompromisedts progressie
capability dueto its non-continuoussingle-resolutiorsub-
samplingproperty

2. Overview

Tametingat progressie splatting,we introducean iterative
greedysplatdecimatiorframevork workingdirectlyonC 1
piecaviselinearsurfacesplatsIntuitively, it functionsasthe
counterparof the well-known progressie meshegHop9q
in thec® piecavise linear polygonalmeshesettingandthe
iterative point simpli cation [PGK0Z in theC 1 piecavise
constanpointssetting.

Speci cally, given the input point set, initial splatsare
rst createdfor all point samples.Thenall possiblesplat
meige opelfators arearrangedn a priority queueaccording
to anerror metricmeasuringerrorscausedy respectie op-
eratorswith top elementaving minimumerror. Iterativeop-
erationsareusuallyperformedrepeatedlywith applyingthe
top operatorandupdatingpossiblyaffectedoperatorsn the
queueuntil the desirednumberof splatsis reached More

detailswill bediscussedh theupcomingsections.

3. Initial Splat Creation

The input of our algorithmis a setof unstructuredpoints
P = fpjg sufciently samplingand describinga smooth
manifoldboundarysurfaceS of agiven3D object.Eachout-
put splatT; is ageneral3D ellipsegiven by its centerg;, its
unit normalvectorn;, andtwo additionalnon-unitvectorsu;

andv; de ning its majorandminor axes.

Similarto [PGK0Z and[WKO04], in orderto analyzdocal
surfacepropertiesaswell astheassociatedhitial splatT; of
apointsamplep;, thek-nearesneighbordNy(p;) haveto be
computedbeforehandThen a leastsquareplaneL canbe
found for p; and N¢(p;) de ning the normaln; of T;, with
centerc; = p;j. As we setall initial splatsto becircles,initial
uj andv; canbeary two orthogonalectorsparallelto L with
sameengthr,

r=max (pj G niT(pj c)ni
for all pj 2 Ne(pi).

In the meantimea virtual graphN = (P,E), wherethe
edge(i; j) belonggo E iff pj 2 N(pi), is alsoformedto rep-
resentthe above neighborhoodelationship.This graphN
will bethesupportingdynamictopologyduringtheiterative
splatmeige operationsij.e., asan extensionof the common
edgecollapseoperatorf GGK0Z), a splatmerge operatorF
will memgetwo splatsT, andT; associateavith endpointg,
andpr of anedgee 2 E into onelarger splatTm. Thusthe
orderingqueuewill initially containsplatmeige operators
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correspondingdo all edgesin E. Oncean operatorfF is ap-
plied, e andotherdegeneratecdgeswill be removed from
theedgesetE andp, andpr will bereplacedoy anew point
Pm = Cm in thepointsetP.

4. Err or Metrics and Splat Merge Operators

In orderto ensuresimilar approximationquality asthat of
the establishedneshcasestwo differenterrormetricsmea-
suringdistancedeviation andnormaldeviation respectrely
arealsogeneralizedandembeddednto the new splatdeci-
mationframework. As splatmeigeoperatorheaily depend
onspeci c errormetrics,we alsointroducetheir detailinfor-
mationat sametime in this section.

4.1. L2 Metric

TheL? errormetricis basecbn Euclideardistancemeasure-
ment.To beableto computethe deviation errorcausedy a
splatmeigeoperator= with respecto the original pointset,
an additionalarray of indicesf fig to the original pointsis
keptfor eachsplatT; andinitialized with a singleindex fig
referring to the initial point p;. When meging two splats,
their index arrayswill be united and assignedo the new
splat. Thenfor ameigeoperatorf-, to meigesplatT; andT;
to new splatTm, theapproximatiorerroris de ned as:
jdist(pr; Tm)j% f fmg = f fig+ f frg: (1)

e =kek 3
f2f fug
Note that the above error metric hasbeenweightedby the
length of the edgee measuringthe distancebetweentwo
meigedsplatcentersto penalizemeging two distantsplats
which otherwisewould produceover-sizedsplats.

Giventhe L? error metric (1) andtwo splatsT, andT; to
bemeged,thenew splatTm canbe determinedy applying
PrincipleComponenfnalysis(PCA[Jol8§) to thepointset
Pn= fpsg; f 2 f fmgin 3D directlyratherthantheprojected
pointsetin 2D as[Paj03. Afterwards,we will have the av-
eragepointp aswell asthreerealeigervaluesl ; 1, |3
andthecorrespondingigervectorsvy; vo; v3. Thenfor T,
centercm = p, normalnm = vz, andtwo axes um andvm

ill have directionvy andv, respectiely with alengthratio

| 1= ». The nal axislengthsarescaledsimultaneouslygo

Figure 3: Splatmeige opemators accoding to L2 error met-
ric (left) and L% metric(right).
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Figure4: Igeamodel(134K points)coarsi ed to samenum-
berof 13K splatsusingL2 error metric(left) and L% metric
(right) with respectiveun time 52 sec.and 31 sec.andrel-
ative Hausdorf distanceerror 0:017%and 0:022%

thatthe elliptical splatTm coversall pointsPm in 2D when
they areprojectedontothe splatplane(cf. Fig. 3).

Oncea splatmeige operatorF is applied,the graphN
will beupdatedaswe have mentionedn Section3. Similar
to standardneshsimpli cation, all neighboringneigeoper
atorsto T; andT; in the orderingqueuehave to be updated
with new megeerrorsor removedfrom thequeudf they are
degenerate@ndnotvalid any more.

4.2. L% Metric
L% error metric measureshe deviation of normal direc-

tionsandis extendedrom the original metric rst presented
in [CSADO4. In this casethe error computationis simpler

andwe do notneedto keeptheindex arrayeither Giventhe

splatmemge operatorF, the respectie areajTj andjT;j of

two splatsT; andT; to be meiged,similar to (1), the edge-
lengthweightederroris calculatedas:

e = kek jTij jTij kn  nek?: )

Accordingto the L%*
Tm is de ned ascenter
_ T g+ T o,
Imj+ ]

metric, the geometryof new splat

andnormal
= AT N

i+ T
Theextentof splatTm is computedn thesameway asfor the
L? metricwith theonly differencethatratherthanprojecting
thepointsetPmy (which we do notkeep),we uniformly sam-
plen points(usually8is enough)nbothboundariesf splat
T, andT; andprojectall of themto the splatplaneof T, to
nd themainaxisdirectionsandproperscaling(cf. Fig. 3).

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

We have comparedhe effectsof thedifferentL? andL?*
errormetricsin Fig. 4. It is notsurprisingthatwe have simi-
lar obserationsas[CSADO04: L%t metriccanbettercapture
theanisotroy of the surfacegeometrywhile L2 metricwill
generatea more uniform splatdistribution. Dueto its sim-
ple computationakfforts, algorithmsusing L2 metricnat-
urally run muchfasterthanthoseusing L? metric. Because
theerroris measure@sone-sidednaximumHausdorf dis-
tancefrom the original point setto coarsesplatapproxima-
tions (the percentagef the major boundingbox diagonal
length),it is alsoclearto seethat this distance-basedrror
measuremerfavorsdistance-basedd® metricsover normal-
based.>* metrics.

5. Progressve SplatsFormat

Thesequencef splatmeigeoperatorg F ;g canberecorded
duringthe splatdecimatiorprocedureTogethemith there-
mainingcoarsebasesplatsetTg, the splatmerge operators
f Fig andtheir straightforvardinversessplatsplit operators,
form a progressie splatsformatin the similar way aspro-
gressve meshe$Hop9q with themajordifferencethatpro-
gressve splatsdo not maintaintopologyinformation.
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Lookinginto details theprogressie splatsformatis com-
posedwith a basesplatsetTg anda setof continuousde-
tail operators Y jg. EachsingledetailoperatorY ; is derived
from correspondingecordedsplat meige operatorF; and
will containthreesplatindicesl;r;m and the geometryof
threesplatsT;; Tr; Tm. Thedatastoragas amounto 48 Bytes
peroperatoundersingle oating pointprecisionForre ne-
ment, the splat of index m will be split and replacedwith
two smallersplatsT, and T;; For coarsi cation, two splats
of respectie indices| andr will be megedandreplaced
with a larger splat Tm. Note that by utilizing this progres-
sive splatsformat we can perform both up-streamingand
down-streamingvithoutary extradatastorageandthuscan
producesplatmodelsat arbitrary resolution.This alsowill
supportefcient applicationdik e progressie renderingand
transmissiorof surfacesplats.

6. Results

We have testedour progressie splattingalgorithmwith var-

ious point-baseddataseton a standardLinux PC with 2:8

GHz CPU and2 GB main memory If not otherwisespec-
ied, k-nearestneighborsis always setto k = 8 and the
L% error metricis appliedto producethe reportedresullts.
Shadedesultsto shav theoverall visualquality canalready
befoundin Fig. 1 andFig. 5, wheresplatsarealsoshrinked
to demonstratéheir shapeanddistribution.

6.1. Comparisonto Splat Decimation Methods

We conductcomparatre 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)[PGKO03, andthe single-esolutionoptimal splatsub-
sampling scheme(OSS) [WKO04] respectiely. For LOD,
splatsin the sameOctreelevels will be collectedand for
IPS,anextrastepis necessaryo convertits point-baseaut-
putto the splatrepresentationsinga stratey similar to the
onediscussedn Section3.

Quality Theresultquality of differentmethodds estimated
in thefollowing aspects:

Err or measurementcaptureghe statisticaldistancede-
tween decimatedsplat approximationsand the original
point model.Fig. 7 compareghe threeprogressie splat
decimatorswhile in Fig. 8 errorscausedy our progres-
sive PSPalgorithmanddiscreteOSSschemearereported.
Visual quality depend®ntherenderingeffectsaswell as
the splatshapesnddistribution (seeFig. 8 andFig. 10).
Arearatio betweertheareasumof splatapproximations
andthemeshsurfaceareaof theoriginal pointmodel(see
Tah 1). With samenumberof splats thesmallertheratio,
the smallerthe areaof splatsto be rasterizedn the frag-
mentshadenf GPU,andthefastertherenderingspeed.

¢ TheEurographic#ssociation2005.

Nl PSP LOD IPS 0SS

415 218 234 414 163
2591 252 271 412 215
11588 3.23 3.22 4.23 3.13

Table 1: Arearatio for different splat decimationmethods,
normalizedto theinitial surfacearea of the triangle mesh.
Thisfactor measueshowmud overdraw occussin theras-
terizationof thesplats.

Time (sec.)
800

T
Charlemagne

—— LOD
—— IPS
600 -4 psp (L2h |
= PSP (L9
0SS
400+ Dragon b

200

0 1 2 3 4 5 6
Num of splats ~ x 10°

Figure 6: Computationtimesfor different splatdecimation
methodswhete for PSR OSSand IPS, timesare measued

for a simpli cation to 1% of the input modelsizeand LOD

is its wholestructue creationtime

Consideringof all above threecriteriain combinationiit is
not dif cult to tell that, amongthe three progressivesplat
decimatorspur PSPalgorithmalways performsbetterthan
both LOD and IPS. Especiallyon coarserscales,we nd
that becausd_OD merely adoptedoctree spacepartition-
ing schemendIPSonly consideregboints,i.e. splatcenters
ratherthanwhole splats(onereasonfor its large arearatio
too), they could not produceas promisingresultsas ours.
In addition,althoughthe single-esolutionOSSusuallypro-
ducesbestquality dueto its global optimization,0SScan
notcreateprogressie splatrepresentationandevenin some
aspects(e.g. error measurementpur PSP method comes
quitecloseto the bestOSSsolutionalready

Timing Computationtimes of different splatdecimation
methodsare shavn andcomparedn Fig. 6 asfunctionsof
input modelsize.No wonderthatLOD runsfastessit has
a quite simple algorithmic structure.Although both using
the samegreedyframework, our PSPalgorithmis slower
than IPS which hasadoptedef cient quadricerror metric
(QEM) [GH97), asit hasto composeandsol\e least-square
systemsn eachsplatmeigestep.Andit is notasurprisethat
the best-qualityOSSneedsmostrunningtime becausef its
complex globaloptimizationtechniquesNonethelesssince
high computationalcostshave beentradedwith improved
output quality, and sinceall splatdecimationschemesare
pre-processingroceduresthe amountof runningtime we
have reporteds alwaysendurable.
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Error %
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Figure 7: Error comparison®n bunnymodel(35K points)
for differentprogressie splatdecimatos.

Figure 8: Bunnymodel(cf. Fig. 10) decimatedto similar
numberof splatsby progressiveP SP(left, 2591 andsingle-
resolutionOSS(right, 2577) algorithms.AlthoughPSPand
OSShavequitecloseerrors (0:103%to 0:09299, beingable
to concentate more splatson regions of high curvatues,
OSSgivesbettersplatshapesanddistribution than PSP

Discussion In general LOD andIPS run very fastwhile

producingresultsof inferior quality. On the contrary OSS
cancreateoutputwith bestquality butis signi cantly slower.

Our progressie PSPalgorithmis intendedto Il this gap:it

runsonly alittle slowverthanLOD andIPSwhile muchfaster
than0SS,andit offersresultquality very closeto the best
0OSS.In fact,whatwe have provided hereis alsoa practical

guideto choosdlifferentsplatdecimationstratgly basecon

thespeci ¢ quality-timetradeof.

6.2. Comparisonto Mesh Simpli cation

We alsocomparein Fig. 9 our PSPsplatdecimationalgo-
rithm to QEM meshsimpli cation method[GH97] thatcan
produceprogressie meshegHop9q. Thetwo methodscan
producequite similar resultsdueto the samegreedypiece-
wiselinearapproximatiomature putit is alsoworthto men-
tion thelowerapproximatiorerrorof ourresultsassplatsare
more e xible andcanoverlapwith eachotherwhile triangles
arerigidly connectedn ac? fashion.

o |
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Figure 9: Isis mesh(18& points) decimatedby our PSP
algorithm (left two) and QEM simpli cation (right two) to
same2K splatsandverticeswith respectiveun time31 sec.
and 28 sec.andrelativeerror 0:51%and 0:63%

7. Conclusions

Multiresolutionrepresentationarealwaysnecessaryo deal
with large datasetsPreviouswork on progressie splatdec-
imation usually utilizes a hierarchical space partitioning
strategy to createcorrespondingnultiresolutionformats,or
adoptsa greedyframeavork with the stratgly of focusing
only ontherelationshipdetweersplatcentersAs we have
shavn in the paper althoughrunning very fast, thesetwo
strat@iescannot produceplausibleresultsat the coarseap-
proximationlevel. This may be problematicin somecases,
e.g. during progressie renderingfrom low resolutionto
higherone,muchlower renderingquality will appeatin the
very beginning(cf. Fig. 10). In this papemwe have presented
a greedyprogressie splatdecimationalgorithmwhich uti-
lized the full splatgeometryin the decimationcriteria and
errorestimatesot just the splatcenterslt offersmuchbet-
ter quality thanotherprogressivesplatdecimatorsandalso
comesquite closeto the recently proposedglobally opti-
mizedsingle-esolutionsub-samplingechniquesvhile runs
muchfasterIn summaryour splatdecimatioralgorithmcan
beanew candidateo generatgrogressie splatmodelswith
agoodtime-qualitytradeof.

Oneof themostobviousfuture stepswvould bethe out-of-
coreimplementation®f the proposedmethodlike stream-
ing processingor polygonalmeshegWKO03] asthey are
essentiato dealwith thosemassie point models.In addi-
tion, becaus@ur currentprogressie splatformatstill needs
quite a lot storagespace the simpli cation of progressie
structureds alwaysimportantfor applicationdik e progres-
sive datatransmissionProgressie geometrycompression
scheme$GDO02 AGOH couldalsobeemployedin our splat
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Figure 10: Visual comparisonsof LOD (top row), IPS (top middle), our algorithm PSP (bottommiddle) and OSS(bottom)
whete the bunnymodel(35K points)is apptoximatedwith samenumberof 415 (left), 2591 (middle)and 11588(right) splats
for LOD, IPSandPSPand419, 2577and 11564splatsfor OSSrespectively

settingto furtherreducethe datasize.Finally selectve LOD in Multiresolution for Geometric Modelling
splatrenderingsystemaeedto be developedbasedon this (2005),SpringefVerlag,pp. 3—26. 6
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