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Abstract

We presenta frameavork for progressivecompessionof point-samplednodels.t is basedon a multiresolution
decompositiomf the point setandthuseasilyallowsfor progressivedecoding Our methods genericin thesense
thatit canhandlearbitrary pointattributesusingattribute-speci ccodingopeations.Furthermoe, noresampling
of themodelis neededandthuswe do not introduceadditional smoothingartifacts. We provide codingoperators

for the point position,normal and color. Particularly, by transformingthe point positionsinto a local refeeence
frame we exploit thefact that all point samplesare living on a surface Our framevork enablesfor compessing
both geometryand appeaanceof the modelin a uni ed mannerWe showthe performanceof our framevork on

a diversity of point-basednodels.

Categyoriesand SubjectDescriptorgaccordingto ACM CCS) 1.3.5 [ComputerGraphics]:Computationageome-
try andobjectmodeling—Cure, surface,solid, and objectrepresentationst.4 [Data]: Codingandinformation

theory—Datacompactiorandcompression

1. Intr oduction

In recentyears,3D modelsextendedthe digital mediaspec-
trumin mary application elds, suchase-commerceenter
tainment,andeducation While audio,imageandvideo are
still the dominatingmediatype, 3D modelsbecomemore
andmoreimportant.3D modelscanbeeithergeneratedrom
scratchin a modelingtool or digitized from a physical ob-
jectusinga3D scannerin thelattercaseacquisitiondevices
suchasrangescannersftendirectly producepoint-sampled
representationfsom theobject.Dependingontheemployed
technique eachpoint sampleis assignednultiple attributes
de ning its geometryand appearanceTheseinclude posi-
tion, color, normaland radius.Generatinga consistenttri-
anglemeshfor complex objectscan be very time consum-
ing anddif cult. It is thereforebene cial to directly repre-
sent3D modelsby theirregular collectionof point samples
which canbe easilyextendedtowardsa multiresolutionrep-
resentationOneof thekey advantage®f point-sampledye-
ometryover trianglemeshess thatno explicit connectvity
informationneedsto be stored.Instead continuoussurface
reconstructions doneduringrendering Moreover, bothap-
pearanceand geometryattributesof the point samplescan
be handledhomogeneouslyThis is in contrastto triangle
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mesheswvhere geometryis storeddifferently than appear
ance.Thelattertypically hasto be storedin textures.

Recentresearchn point-sampledgeometrycopedwith
surface analysis, ltering, resampling,feature extraction,
andhigh-qualityrenderingSee[ADG 03] for anoverview.
By using thesetechniquesit is easyto come up with
an ef cient and non-epensve 3D contentcreationsystem
[ZPKGO03Z for highly complex modelsfrom real-world ob-
jects.

However, with increasingcompleity of 3D models,ad-
vancedcompressiorof point-samplednodelsis neededIn
this paperwe proposean ef cient andgeneralmultiresolu-
tion framework for compressiorof point-samplednodels.
Our schemeprogressiely compressearbitraryattributesof
point samplesin a commonway. We exploit similarities
of eachattribute by nding a speci ¢ orderof the samples
which minimizesentropy. To thatend,we emplgy a match-
ing algorithmwhich nds neighborhoodsvith high correla-
tion basedon distancemeasuredor all attributeswe want
to compressThe datais thentransformednto a multireso-
lution representatioanddecorrelatedy codingthe differ-
encesbetweensubsequentesolutions.To adaptthe trans-
form to the speci ¢ characteristicef eachattribute, we use
apredictive encodingschemeWe de ne in particularbotha
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distancemeasureand predictionoperatordor compression
of point positions.For the predictionwe useleast-squares
planesasalocal approximatiorof the surface.We complete
our compressioschemedy alsoproviding codingoperators
for colorsandnormalsof the points.The multiresolutionna-
tureof our methodeasilyallows for progressie decompres-
sion.

2. RelatedWork

Mary previous geometrycompressiorefforts have focused
on triangle meshcompressionMethodswhich separately
encodeconnectvity and vertex coordinatesrequire 10 to
20 bits pervertex [TG98 TGHL98, Ros99. Devillers etal.
[DGOQ achieve about9 bits per vertex by reconstructing
the connectvity from the vertex coordinatesiuring decod-
ing. Khodalovsky et al. reducethe total bit rate for geom-
etry informationby mappingdenselysampledmeshego a
semi-rgularmesh[KSS0Q KGO04]. This approactdoesnot
needexplicit connectvity encodingand requiresaround3
to 5 bits per vertex for ne visual quality. Comparablee-
sults are achieved by Gu et al. while remeshingarbitrary
surfacesonto completelyregular structurescalled “geom-
etryimages” whicharebasically2D arrays| GGH0J. They
are compressedising corventionalimage coders.The lat-
ter approactenableghe encodingof additionalappearance
attributesusingthe sameimplicit surfaceparameterization,
wherea®therapproachesequireexplicit encodingschemes
using e.g. texture coordinatesGeometryimagesrequirea
certainmeshtopologyanda global parameterizatiomhich
is very hardto achiee. Many otheradvancedmethodsde-
mandat leastfor alocal parameterizatioandlocal differen-
tial propertiesProgressie encodingof meshdatastructures
canalsobe implementedby the recursve useof edgecol-
lapseoperation§Hop94§.

More recently the growing interestin point-basedyraph-
ics led to the investigation of compressioralgorithmsfor
point-basedrepresentationdn QSplat[RLOC], which is a
multiresolution renderingsystembasedon a hierarchical
bounding spheredata structureand splat rendering,each
node of the datastructureis quantizedto 48 bits, includ-
ing color andsurfacenormaldata.A similar performances
achieved by the intra-frame3D video encodeof Wuermlin
etal. [WLSGO03. Botschet al. usean octreedatastructure
for storingpoint-sampledjeometryandshaw thatthegeom-
etry of typical datasetscanbe encodedvith lessthan5 bits
perpointsamplg BWKO02]. Similarperformancés achie/ed
by Fleishmanet al. who proposea progressie point set
coderbasedon the projectionof pointsonto local polyno-
mial surfaceapproximationgFCQOASO03. But their resam-
pling methodbasedn themoving least-square@ViLS) pro-
jectionoperatortendsto smoothout sharpfeaturesFurther
more, the decompressiolis very time consumingbecause
the MLS projectionalsohasto be appliedduringdecoding.

3. Algorithm Overview

Our compressiorschemecomesasa generafframevork for

codingasetof arbitrarypointattributes.It is basecbnamul-

tiresolutiondecompositiorof the whole point set.Our pre-
dictive differentialcodingschemehasthe ability of decorre-
lating the informationcontainedn the modelby exploiting

local coherenciesThe multiresolutionapproachsplits the
informationinto severalfrequeng bandsThis propertyeas-
ily allows for progressie decodingby successiely adding
moredetailto themodel.

tiresolution
decomposition

differential | | otree
coding coding

coding

Figure 1: Compessionpipeline

An overview of the whole compressiorpipelineis given
in Figurel. In the rst step,the multiresolutionhierarcly is
built up by recursiely computingcoarsemapproximation®f
thepointset.Thistaskrequiredocal neighborhoodelations
betweenpoint samplesthat, unlike in triangle meshesare
not explicitly availablein point basedmodels.To thatend,
we employ a searchalgorithmthat delivers us neighboring
points.As abene t, we cancontrolthe searchn away that
givesus good correlationsbetweenthe neighborsin all at-
tributesandnotonly in thegeometryBoththeneighborhood
searchandthe multiresolutiondecompositiorare described
in section4.

Next, we computethe hierarcly of detailcoefcients that
describesiow to successiely reconstructheoriginalmodel
from the lowest-resolutiorpoint set. The respectie compu-
tationsaredrivenby a predictionwhichis customizedo the
speci ¢ characteristicef eachpointattribute separatelyAf-
ter completingonehierarcly layerwe immediatelyperform
the quantizationof the coefcients andpropagtethe quan-
tization error into the computationof the next layer. This
methodpreventsa recursve accumulatiorof the quantiza-
tion errorover all multiresolutionlayersandthusminimizes
the total error of our codingmethod.A detaileddiscussion
follows in sectionb.

We eventuallyendup with a setof quantizeddetail coef-
cients. They arenotyetfully decorrelatedut still contain
somecoherenciesvhich canbe eliminatedvery ef ciently
by a zerotreecoder Finally, the datais further compressed
by arithmeticcoding.Both codersallow for progressie de-
coding. In additionto the corventional zerotreecoder we
presenta modi ed algorithm with a progressie behaior
thatbettercollaboratesith our multiresolutionframework.
All thosemethodsarefurtherexplainedin section6.

The rst two stagef the pipelinehave to be customized
for the speci c characteristicof the compressegboint at-
tributes.Stageone needsa distancemeasurdor the neigh-
borhood search,stagetwo requiresa prediction operator
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and a coordinatetransform.We provide specializedmea-
suresand operatordor codingthe point positions.We fur-
ther shav the extendibility of our framework towardsother
attributesby proposingcodingmethoddor point colorsand
normals.

4. Multir esolutionDecomposition

In the rst stagewe computea multiresolutionhierarcly of

thepointcloudby recursvely generatinga sequencef sub-
sampledrersiongl  ~;:::;l d) of theoriginal pointsetl 0,

We useherea notationrelatedto [Swe93 wherel K de-
notesthe point setin the k-th level of the multiresolution
hierarcly. A speci ¢ pointin a subsampleanodelis identi-

ed byl K. Webuild thehierarcly bottomup,i.e.from high

to low resolution by decomposingn eachstepthe point set
into disjunctive point pairs and contractingeachpair to an
averagepoint by averagingits associateattributes.In this

way, we obtainaforestof binarytreesof depthd, of which

eachlayer describes certainresolution.As the point pairs
describeneighborhoodelationsbetweentwo pointsin the
attribute space eachsubtreein the hierarcty with depthk

describes neighborhoof 2 points,asillustratedin Fig-

ure2. All thoseneighborhoodelationsareimplicitly stored
in the point orderingof the full resolutionmodelandhence
arestill availableafterdecompression.

Figure 2: 8-neighborhoodafter 3 passesof hierarchical
pointcontraction.

Notethatsucha hierarcly canonly be built if eachlayer
in the forestbut the root layer containsan even numberof
points.Thus,the original modelhasto consistof a multiple
of 2d points. If this is not the case,the maximum |
remainingpoints are storedseparatelyand compressedy
entropy codingonly. For a moderatenumberof recursions,
like d = 10, this numberis relatively smallcomparedo the
overall size of typical modelsthat often consistof several
10 points.

Thecompressioperformancéargely depend®onthepair
decompositiobecausét considersachaveragepointasan
approximatiorto eachof its sons.Thus,we preferablywant
to contract‘good” pairsof pointswith similar attribute val-
ues.Findingthe bestsetof pairsbasicallyis anoptimization
problemin the spacespannedby all point attributes. This
can be describedas a minimum weight perfect matching
problem[LP8§ in anundirectedweightedgraphG = (V; E)
with verticesv andweightededge<E. Itstaskisto nd aset
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of edgesM  E of cardinalityjMj = jVj=2 suchthatnotwo
edgeshareavertex in commonandthesumof edgeweights
in M is minimal. In a completegraphwith an even num-
ber of vertices,sucha matchingalwaysexists. To speedup
thematchingprocesswe do not constructa completegraph
but only an adjaceng graphconnectingeachpoint with its
k = 12 nearesneighbors.in the very unlikely event when
no matchingis foundwe canstill increasek andlet thealgo-
rithm run again, but this never happenedh our experiments.
A classicakolutionof the matchingproblemis provided by
Edmondsblossonshrinkingalgorithm[Edm63. In ourim-
plementationywe usethefastermethoddescribedn [CR99.

Theweightw;;; for eachedgef i; jg canbeexpressedisa
sumof distancdunctionsdy, describingfor eachattribute A
the differenceof its valuesat the points| ; K andl i K adja-
centto thatedge:

wij = & dais )
A

In practice we incorporatenerethe point positionsx Kand
normalsn K. Thedistanceébetweemormalscorrespondso
the cosineof theirenclosingangle:

o 1om o

dn(i; ) = 5

If we considerasa positionweightonly the Euclideandis-
tancewe mayendup aftertwo recursve subsamplingpasses
in 4-neighborhoodgonsistingof linearly arrangedpoints.
Thiswill leadto instabilitiesin the subsequendetail coef-

cientcomputation So we additionallyincludethe previous
directionof the contractionof the points| ;" * andl ,,*%*

towardsl ; ¥ andsimilarly for thecontractiorto | i k.

k

i) = % x

s
1% Xoiv1 1 1% Xl
N X21k+l ijlfll Xi “ Xj “ .

jX2]-k+l ijlfllj in k Xj kJ- .

Figure 3 shavs the resulting64-neighborhoodafter six re-
cursive executionsof the matchingalgorithm.

5. Predictive Differ ential Coding

Next, we successiely computea binary forestof detail co-
efcients (g d;:::;g 1) of which eachlayerg ' contains
theinformationthatis necessaryo reconstruct "1 from
| . Thecalculationsaredonewith thehelpof two attribute-
speci ¢ operatorsacoordinatedransformC anda prediction
operatorP. With regardto laterdecompressiorC hasto be
invertiblebut notP. We nally endupin asetof coefcients
(I %g %:::;g 1) whichis sufcient for reconstructiorof
the original model. Becauseeachdetail layer g ' hasthe
samesizeasits correspondingveragelayerl ', thewhole
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Figure 3: 64-neighborhoodsifter 16 matding passes.

coefcient setis still of the samesizeasthe original model.
But the newv datais muchmore decorrelatedand therefore
moresuitablefor compression.

Becauséigh-resolutiordetailcoefcients recursvely de-
pendontheirlowerresolutioncounterpartsgquantizatiorer
rors that will be introduceddueto compressiorwould ac-
cumulatein eachrecursion.To preventthis, we computethe
detail coefcients top down from g ¢ to g*, quantizethem
after eachrecursionand propagtethe quantizatiorerrorto
thenext higherresolution:After determiningandquantizing
the coefcients g ¥ we rst updatethe next averagelayer
I *loutofl K andthequantizedy K andthenrecursvely
proceedcomputingthe detail coefcients g k*1 of the next
higher resolutionlayer The decoderlater successiely re-
constructdigherresolutionmodeld k+1fromthea\/erage
pointsl K andthedetailg K There all thedataprocessing
canbedonein placeby recursvely substituting kandg k
by kel similarly to thelifting schemd Swe93.

The actualcomputationof the detail coefcients is per
formedasillustratedin Figure 4. For eachcontractionpair
(1 551,51 andits correspondingaveragepoint | ; ¥,
we try to predictl ., k1 froml i k usingapredictionopera-
tor P andstorethepredictionerrorin g K With thisinforma-
tion, both higherresolutionpointscanbereconstructediue
to symmetryln mary casesthepredictiondoesnot perform
well if it is carriedout in the global spaceof the model.So
we apply beforehandh local coordinatetransformC which
depend®nthepointsof | K andbettercharacterizetheat-
tribute spacdocally. Figure5 illustratesthe operatorframe-
work bothfor encodinganddecoding Notethatthedecoder
performsthe samepredictionP asthe encoderwhereaghe
coordinatetransformC during decodingis inversein order
to obtainagain the globalmodelcoordinategrom the coef-

cients encodedn thelocal referencdrames.

The whole transformationis recursvely appliedup to a
depthd. As the coherenciebetweemeighboringpointsget
worsefor lowerresolutionsadepthbetweerd = 6andd = 8
usuallygivesthebestcompressiomesults Because¢hecoor
dinatetransformC depend®nneighborhoodelationsin the

pointsetl X, themultiresolutionforestis built somerecur

sionshigherfor gettingneighborhoodelationsin | 4 we

actually usetherea depthof d + 2 becauseour coordinate
transformgrely on 4-neighborhoodelations.

ke 7;..

| -k+1
2

| 1@

2i+1

Figure 4: Predictionanddetail coefcient.

(a) Encoding.

(b) Decoding.
Figure 5: Operator framevork.

In the following, we provide operatorsC and P for the
compressiomf the point positions,colorsandnormals.

5.1. Positions

For compressiorof the point positions,we wantto exploit
thefactthatall pointsarearrangecdn a surfaceandnot for
instancein a volume.Sowe locally approximatehe geom-
etry by a least-squareplaneand storethe predictionerror
relative to thatplane.

For an average point |, K the operator C con-
structs the least-squareplane from the point positions
(X k(i mod4)’ 3% k(i mod 4)+ 3) which are part of a neigh-
borhoodrelation.Theplaneminimizesthesquarediistances
to thesefour points and is thereforean approximationto
the local geometryof the model. It is computedby a prin-
cipal componentanalysis(PCA) over those points which
deliversanorthonormalkoordinatesystem(n; u;v) describ-
ing theprincipaldirectionsof the covarianceellipsoid of the
pointpositions]PGKO03Z. This systemis alignedto theleast-
squareglaneof which n representsts normal vector As
depictedin Figure 6, we translatethe origin of that system
to x; K and representall points by cylindrical coordinates
(rg,2.

The operatorP then predictsthe coordinateqr; q;2) of
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Figure 6: Thereferenceframefor the positiondetail coef-
cients.

Xoi kel Assumingthatthe least-squareplaneis a closeap-
proximationof the geometrywe canpredictthe elevationz

of thepointoverthesurfaceasz= 0. Undertheconditionof

anapproximatelyregularsamplingof themodel,we canalso
male a predicgjonfor r: As the averagepoint densitydrops
by afactorof = 2 with eachlower resolutionstep,r canbe
prechEed‘rom thedensityof thefour averagepointsdivided
by 2 2.Thedensityof theaveragepointsitself is estimated
by theiraveragedistanceFinally, we alsopredictg = 0. The

predictionerrorfor g thenlies in the intenval [0; 2p]. It can
befurtherconstrainedo [0; p] by swappingthepoints| . kel

and| ,, ¥ ! alongwith their associatedubtreesn the mul-

tiresolutionhierarcly in the caseof anerrorgreaterthanp.

(a)Detailof r.

(b) Detail of q. (c) Detail of z.

Figure 7: Histogramsof the positiondetail coefcients.

Figure7 shaws histogramf the detail coefcients from
theChameleomodeloverall resolutionlevels. Thepeaksat
zeroprove thesuitability of our predictionslt alsoshavs an
accumulatiorof the angularcomponentroundzerowhich
is dueto thealignmentof our referencdrameto the covari-
anceellipsoid.

5.2. Colors

All colorsare rst transformedfrom RGB into the global
YUV spaceby the operatorC. This representatiofis more
closelyrelatedto the humanperceptiorasit splitsthe color
informationinto a luminancepartY anda chromaticity U

andV. Becausé&numansaremoresensitve for theluminance
thanthe chromaticity we spendmorebits for Y thanfor U

respectiely V duringquantization.

Assumingthatneighboringpointsof themodelhave sim-
ilar colors,thepredictionoperatoiP is zero.Hence we store
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in the detail coefcients for eachcontractionpair the differ-
encebetweernthe colorsof onehigherresolutionpoint and
the averagepoint. Histogramsof thosecoefcients arede-
pictedin Figure8.

(a) Detailof Y.

(b) Detail of U. (c) Detail of V.

Figure 8: Histogramsof the color detail coefcients.

5.3. Normals

For eachcontractiornpair we storethe anglebetweerthe av-
eragenormal and one of the higherresolutionnormalsin
sphericalcoordinatesHence,the prediction P is zero for
bothqg andf . The coordinatetransformC needsa local ref-
erenceframeto align the sphericalcoordinatesystem.We
usethe averagenormalasthe polar referencedirection. To
obtainan azimuthalreferencevector we projectthe vector
with the biggesteigervalue deliveredby the PCA from the
positionscoderonto the planeperpendiculato the average
normal.Figure9 shavs histogramf thedetailcoefcients.

(a) Detail of q.

(b) Detailof f.

Figure 9: Histogramsof thenormaldetail coefcients.

6. Encodingthe Detail Coef cients

The detail coefcients are eventually compressedy a ze-
rotree coder [Sha93 which is specializedon the coding
of multiresolutioncoefcients andis ableto encodethem
very ef ciently. It exploits similaritiesbetweencoefcients
in subtreesf the multiresolutionhierarcly. The output of
the zerotreecoderis a streamof symbolswhich is further
compressedby arithmeticcoding. We currently usethe al-
gorithmprovidedin [MNW98]

Both zerotreeandarithmeticcoderbehae progressiely.
A partialarithmeticdecodingof thecompressedatastream
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deliversa pre x of the zerotreestreamafter arithmeticde-
coding.The zerotreedecodeithenproducesa setof inexact
coefcients which getsre ned asmoredatais deliveredto
thedecoder

The corventional zerotree algorithm however succes-
sively re nes the coefcients of all resolutionssimulta-
neouslyduring progressie decoding.This behaior does
not blendwell with our quantizationerror propagtion be-
causeour coderassumesn ascertainecccuray of lower
resolutioncoefcients. Introducingagreatererroraftercom-
pressiorleadsto instabilitiesin theleast-squareplanesand
thusproducesaninferior quality of decompressepoint po-
sitions. Thereforewe use the conventional zerotreecoder
only for x edratecompression.

If real progressie decompressiois desired we suggest
amodi cation of the zerotreeencodemhich consistsn re-
orderingits outputstreamin suchawaythat,duringlaterde-
compressionthe detail coefcients getre ned successiely
from low to highresolution.Thecorventionalzerotreecoder
doesthe encodingin several passesin eachpass,an addi-
tional bit for eachsigni cant coefcient is coded,succes-
sively gaining moreaccurayg. Within eachpass the datais
processedrom thelow resolutioncoefcients upto thehigh
resolution.Our modi cation consistsn swappingthosetwo
orderings.Thus,we rst arrangethe datafrom low to high
resolutioncoefcients and then do the orderingaccording
to the bit signi cance. During progressie decodingof that
streamthe high resolutioncoefcients all startwith avalue
of zeroandthey will not be re ned until all lower resolu-
tion coefcients arefully decodedThis manifestsitself in
increasingthe resolutionof the decodednodel. In the fol-
lowing sectionwe provide experimentaresultsfor bothap-
proaches.

7. Results

We evaluateour coderswith various point modelsof dif-
ferentsizes.The compressiomerformances quanti ed for
eachattribute by the averagenumberof bits perpoint (bpp)
in relationto thelossof quality, measuredby the peaksignal
to noiseratio (PSNR).

In the eld of meshcompressionthe geometricerroris
usuallycalculatedrom thedistancebetweerthecompressed
and uncompressedneshsurfaces.A similar approachfor
point set surfacesis the comparisonof the corresponding
MLS surfaces|PGK0Z which s alsousedby Fleishmanet
al. [FCQASO03. However, this metricis unableto measure
the samplingof the model, which is a crucial criterion for
high-quality point basedrendering.In contraryto triangle
meshesa badsamplingwould leadto cracksin the surface
dueto thelack of connectwity information.Furthermorethe
MLS surfacetendsto smooththe quantizationerrorssuch
thatthe measurecrroris usuallylower thandisturbancen
thevisual quality.

For thesereasonsve usethe MLS metricfor comparison
with [FCQAS03 only. Whereasin the mainpartof the fol-
lowing evaluation,we concentrateon measuringhe quan-
tizationerrordirectly betweendiscretepairsof correspond-
ing sampledrom the original and compressednodel. The
PSNRfor the position attribute is evaluatedusing the Eu-
clideandistancebetweerthepoints.Thepeaksignalis given
by thelengthof the diagonalof the boundingbox. The error
betweenthe normalsis calculatedfrom the enclosedangle
with a peakangleof 180 degrees.For the colors,we com-
putethe PSNRonthescalarvaluesof eachchannely, U and
V separately

We rst compareour x ed rate compressiorwith our
progressie schemeusing variouscoarsequantizationgor
thedifferentpointattributes.Figure10 shavs rate-distortion
curvesfrom the positioncoder The progressie codingper
forms between2 and 10 percentworsethanthe x ed rate
coding. This is due to the fact that the compressiorgain
of the arithmeticcodingis worsefor the progressiely re-
orderedzerotreestreamthan for the corventional stream.
Thebehaior of theotherpipelinestagess identicalin both
casesComparedo stateof the art meshcompressionthe
PSNRsgiven here are lower sincethey also measurethe
quality of the sampling.As shawvn by the imagesof Fig-
ure 13, the compressiorartifactsdiffer from thoseof mesh
compressiomlueto thelack of connectvity information.For
low bit rates,the samplinggets more and more irregular
We compensatéor theseirregularitiesby recomputingthe
splatradii duringdecompressiowhich canbedonevery ef-

ciently usingtheneighborhoodelationsthatareinherently
storedin the point ordering.

We furthergive somepreliminaryresultsfor our colorand
normalcoders.The color compressiotis evaluatedin Table
1. As canbe seenin Figure 14, it shavs someblurry arti-
factswhich aretypical for high compressiorf images.Ta-
ble 2 shaows rate-distortiorvaluesof our normalcoder;sam-
pleimagesaregivenin Figure15. In contrastto meshcom-
pressionwe areableto codethe appearancef themodelin
the sameway thanthe geometryusingthe samedatastruc-
tures.Hencethereis no needto storeadditionaltexture im-
agesandto associat@ndcompresgexture coordinatesvith
eachvertex.

Its multiresolutioncharactemakes our compressiorap-
proachvery suitablefor streamingand progressie decom-
pressionFigurell showsrate-distortiorcurvesfor progres-
sive decodingof differentmodels.Theamountof datais de-
scribedin total bits perpoint. One fth of thebitsis usedfor
color compressionTherestis spreadevenly over the posi-
tion andnormalcoding.As moreandmoredatais decoded,
theresolutionof themodelsuccessiely increasesVisualre-
sultsof this processareprovidedin Figure16.

Figure 12 shavs a comparisonof our progressie po-
sition coder with the one presentedby Fleishmanet al.
[FCQAS03. We usetheerrormetricfrom their papemwhich
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Figure 12: Comparisonof our progres-
sive position coder with the methodby

Fleishmanretal.

PSNR/ dB bits perpoint PSNR/dB  bitsperpoint

Y U \% xed progr xed progr

Chameleon 295 395 388 25 2.7 Chameleon 25.8 10.5 131
(102kpoints) 24.4 38.1 373 0.9 1.0 (102kpoints) 24.8 5.8 6.9
Octopus 269 33.7 31.0 2.0 2.1 Venus 40.0 13.5 17.0
(466kpoints) 21.9 322 287 0.8 0.9 (134kpoints) 36.7 7.9 9.4
Face 355 474 423 1.7 1.8 Dragon 31.1 10.5 12.7
(41k points) 319 451 397 0.8 0.8 (436kpoints) 27.8 5.6 6.4

Table 1: Compessionperformancedf color coder

measureshe meandistancebetweenthe MLS surfacesof
the original and compressednodels. While Fleishmars
coderintroducedesserror for high bit rateswe areableto
achieve superiorresultsfor lower ratesof about4 bits per
point.

¢ TheEurographic#ssociation2004.

Table 2: Compessionperformanceof normalcoder

8. Conclusionand Futur e Work

In this paperwe provide a framavork for compressiorof
point-samplednodels.In contraryto meshcompressionve
areableto codenot only the geometrybut arbitraryappear
anceattributesassociatedvith thepointsamplesn auni ed
way. The lack of connecwity information further helpsto
save storagespace.

Ourmethodis basecn multiresolutionpredictive coding
which hasthe capability of exploiting similarities between
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neighboringpoints. By emplg/ing a graphmatchingalgo-
rithm we areableto nd neighborhoodelationsthat give
usamaximumcorrelationin all attributes. The multiresolu-
tion approacmaturallyleadsto a compressiorschemethat
allows for progressie decoding.

In particularwe presenta coderfor the modelgeometry
By transformingthe point positionsinto a local reference
frame, we exploit the factthatall the pointsareliving on a
surface We have shaovn by asetof variousexampleghatthis
approachworks quite ef ciently. We completeour frame-
work by alsosuggestingnethodsor compressiorof colors
andnormals.

Nonethelessthereare still someissuesof future work:
First we aim to further improve the compressiornperfor
mance especiallyof the color and normal coders.A main
task hereis a thoroughexaminationof the effectsthat dif-
ferentcoding approache$iave on the visual quality of the
model. The visual quality of the decompressethodel can
be furtherimproved by supportingelliptical splatsin object
spacewhich achieve a bettercoverageof anirregular sam-
pledsurfacethancirculardisks.Anotherissueis speedingip
thematchingprocesghatcurrentlyhasarelatively hightime
compleity of aboutO(nZIog n) for a searchover n points.
This couldbe greatlyacceleratethy usinganapproximatve
matchingmethod.
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Figure 13: Comparisorof positioncompession(luncompessed8.8bpp,4.4 bpp).

Figure 14: Comparisorof color compession(luncompessed2.5bpp,1.0bpp).

Figure 15: Comparisorof normalcompessionluncompessed12.7bpp, 6.4 bpp).

Figure 16: Progressivedecompessionwith total bit ratesof 7, 14 and 23 bits per point.
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