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Abstract

We presenta framework for progressivecompressionof point-sampledmodels.It is basedon a multiresolution
decompositionof thepointsetandthuseasilyallowsfor progressivedecoding. Our methodis genericin thesense
thatit canhandlearbitrarypointattributesusingattribute-speci�ccodingoperations.Furthermore, noresampling
of themodelis neededandthuswedo not introduceadditionalsmoothingartifacts.We providecodingoperators
for the point position,normal and color. Particularly, by transformingthe point positionsinto a local reference
frame, weexploit thefact that all point samplesare living on a surface. Our framework enablesfor compressing
bothgeometryandappearanceof themodelin a uni�ed manner. We showtheperformanceof our framework on
a diversityof point-basedmodels.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.5 [ComputerGraphics]:Computationalgeome-
try andobjectmodeling—Curve, surface,solid, andobjectrepresentations;E.4 [Data]: Codingandinformation
theory—Datacompactionandcompression

1. Intr oduction

In recentyears,3D modelsextendedthedigital mediaspec-
trum in many application�elds, suchase-commerce,enter-
tainment,andeducation.While audio,imageandvideoare
still the dominatingmediatype, 3D modelsbecomemore
andmoreimportant.3D modelscanbeeithergeneratedfrom
scratchin a modelingtool or digitized from a physical ob-
jectusinga3D scanner. In thelattercase,acquisitiondevices
suchasrangescannersoftendirectlyproducepoint-sampled
representationsfrom theobject.Dependingontheemployed
technique,eachpoint sampleis assignedmultiple attributes
de�ning its geometryandappearance.Theseincludeposi-
tion, color, normalandradius.Generatinga consistenttri-
anglemeshfor complex objectscanbe very time consum-
ing anddif�cult. It is thereforebene�cial to directly repre-
sent3D modelsby the irregularcollectionof point samples
whichcanbeeasilyextendedtowardsamultiresolutionrep-
resentation.Oneof thekey advantagesof point-sampledge-
ometryover trianglemeshesis thatno explicit connectivity
informationneedsto be stored.Instead,continuoussurface
reconstructionis doneduringrendering.Moreover, bothap-
pearanceandgeometryattributesof the point samplescan
be handledhomogeneously. This is in contrastto triangle

mesheswheregeometryis storeddifferently than appear-
ance.Thelattertypically hasto bestoredin textures.

Recentresearchin point-sampledgeometrycopedwith
surface analysis,�ltering, resampling,feature extraction,
andhigh-qualityrendering.See[ADG� 03] for anoverview.
By using these techniquesit is easy to come up with
an ef�cient andnon-expensive 3D contentcreationsystem
[ZPKG02] for highly complex modelsfrom real-world ob-
jects.

However, with increasingcomplexity of 3D models,ad-
vancedcompressionof point-sampledmodelsis needed.In
this paperwe proposean ef�cient andgeneralmultiresolu-
tion framework for compressionof point-sampledmodels.
Ourschemeprogressively compressesarbitraryattributesof
point samplesin a commonway. We exploit similarities
of eachattribute by �nding a speci�c orderof the samples
which minimizesentropy. To thatend,we employ a match-
ing algorithmwhich �nds neighborhoodswith high correla-
tion basedon distancemeasuresfor all attributeswe want
to compress.Thedatais thentransformedinto a multireso-
lution representationanddecorrelatedby codingthe differ-
encesbetweensubsequentresolutions.To adaptthe trans-
form to thespeci�c characteristicsof eachattribute,we use
apredictiveencodingscheme.Wede�ne in particularbotha
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distancemeasureandpredictionoperatorsfor compression
of point positions.For the predictionwe useleast-squares
planesasa localapproximationof thesurface.Wecomplete
ourcompressionschemeby alsoproviding codingoperators
for colorsandnormalsof thepoints.Themultiresolutionna-
tureof ourmethodeasilyallows for progressivedecompres-
sion.

2. RelatedWork

Many previous geometrycompressionefforts have focused
on triangle meshcompression.Methodswhich separately
encodeconnectivity and vertex coordinatesrequire 10 to
20 bits pervertex [TG98, TGHL98, Ros99]. Devillers et al.
[DG00] achieve about9 bits per vertex by reconstructing
the connectivity from the vertex coordinatesduring decod-
ing. Khodakovsky et al. reducethe total bit ratefor geom-
etry informationby mappingdenselysampledmeshesto a
semi-regularmesh[KSS00, KG04]. This approachdoesnot
needexplicit connectivity encodingand requiresaround3
to 5 bits per vertex for �ne visual quality. Comparablere-
sults are achieved by Gu et al. while remeshingarbitrary
surfacesonto completelyregular structures,called “geom-
etry images”,whicharebasically2D arrays[GGH02]. They
are compressedusing conventionalimagecoders.The lat-
ter approachenablestheencodingof additionalappearance
attributesusingthe sameimplicit surfaceparameterization,
whereasotherapproachesrequireexplicit encodingschemes
using e.g. texture coordinates.Geometryimagesrequirea
certainmeshtopologyanda globalparameterizationwhich
is very hardto achieve. Many otheradvancedmethodsde-
mandat leastfor a localparameterizationandlocaldifferen-
tial properties.Progressiveencodingof meshdatastructures
canalsobe implementedby the recursive useof edgecol-
lapseoperations[Hop96].

More recently, thegrowing interestin point-basedgraph-
ics led to the investigation of compressionalgorithmsfor
point-basedrepresentations.In QSplat [RL00], which is a
multiresolution renderingsystembasedon a hierarchical
boundingspheredata structureand splat rendering,each
nodeof the datastructureis quantizedto 48 bits, includ-
ing color andsurfacenormaldata.A similar performanceis
achievedby the intra-frame3D videoencoderof Wuermlin
et al. [WLSG03]. Botschet al. usean octreedatastructure
for storingpoint-sampledgeometryandshow thatthegeom-
etry of typical datasetscanbeencodedwith lessthan5 bits
perpointsample[BWK02]. Similarperformanceis achieved
by Fleishmanet al. who proposea progressive point set
coderbasedon the projectionof pointsonto local polyno-
mial surfaceapproximations[FCOAS03]. But their resam-
pling methodbasedonthemoving least-squares(MLS) pro-
jectionoperatortendsto smoothoutsharpfeatures.Further-
more, the decompressionis very time consumingbecause
theMLS projectionalsohasto beappliedduringdecoding.

3. Algorithm Overview

Our compressionschemecomesasa generalframework for
codingasetof arbitrarypointattributes.It is basedonamul-
tiresolutiondecompositionof the wholepoint set.Our pre-
dictivedifferentialcodingschemehastheability of decorre-
lating the informationcontainedin themodelby exploiting
local coherencies.The multiresolutionapproachsplits the
informationinto severalfrequency bands.Thispropertyeas-
ily allows for progressive decodingby successively adding
moredetailto themodel.

����� tiresolution 
decomposition

differential 
coding

���	� otree 
coding


 � � �  � ��� � �

coding

Figure1: Compressionpipeline.

An overview of thewholecompressionpipelineis given
in Figure1. In the�rst step,themultiresolutionhierarchy is
built upby recursively computingcoarserapproximationsof
thepointset.This taskrequireslocalneighborhoodrelations
betweenpoint samplesthat, unlike in trianglemeshes,are
not explicitly availablein point basedmodels.To that end,
we employ a searchalgorithmthat deliversus neighboring
points.As a bene�t, we cancontrol thesearchin a way that
givesus goodcorrelationsbetweenthe neighborsin all at-
tributesandnotonly in thegeometry. Boththeneighborhood
searchandthemultiresolutiondecompositionaredescribed
in section4.

Next, we computethehierarchy of detailcoef�cients that
describeshow to successively reconstructtheoriginalmodel
from thelowest-resolutionpoint set.Therespective compu-
tationsaredrivenby apredictionwhich is customizedto the
speci�c characteristicsof eachpointattributeseparately. Af-
ter completingonehierarchy layerwe immediatelyperform
thequantizationof thecoef�cients andpropagatethequan-
tization error into the computationof the next layer. This
methodpreventsa recursive accumulationof the quantiza-
tion erroroverall multiresolutionlayersandthusminimizes
the total error of our codingmethod.A detaileddiscussion
follows in section5.

We eventuallyendup with a setof quantizeddetailcoef-
�cients. They arenot yet fully decorrelatedbut still contain
somecoherencieswhich canbe eliminatedvery ef�ciently
by a zerotreecoder. Finally, the datais further compressed
by arithmeticcoding.Both codersallow for progressive de-
coding. In addition to the conventionalzerotreecoder, we
presenta modi�ed algorithm with a progressive behavior
thatbettercollaborateswith our multiresolutionframework.
All thosemethodsarefurtherexplainedin section6.

The�rst two stagesof thepipelinehave to becustomized
for the speci�c characteristicsof the compressedpoint at-
tributes.Stageoneneedsa distancemeasurefor the neigh-
borhoodsearch,stagetwo requiresa prediction operator
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and a coordinatetransform.We provide specializedmea-
suresandoperatorsfor codingthe point positions.We fur-
thershow theextendibility of our framework towardsother
attributesby proposingcodingmethodsfor point colorsand
normals.

4. Multir esolutionDecomposition

In the�rst stage,we computea multiresolutionhierarchy of
thepointcloudby recursively generatingasequenceof sub-
sampledversions(l � 1; : : : ; l � d) of theoriginalpointsetl 0.
We useherea notationrelatedto [Swe95] wherel � k de-
notesthe point set in the k-th level of the multiresolution
hierarchy. A speci�c point in a subsampledmodelis identi-
�ed by l � k

i . Webuild thehierarchy bottomup,i.e.from high
to low resolution,by decomposingin eachstepthepoint set
into disjunctive point pairsandcontractingeachpair to an
averagepoint by averagingits associatedattributes.In this
way, we obtaina forestof binarytreesof depthd, of which
eachlayerdescribesa certainresolution.As thepoint pairs
describeneighborhoodrelationsbetweentwo points in the
attribute space,eachsubtreein the hierarchy with depthk
describesa neighborhoodof 2k points,asillustratedin Fig-
ure2. All thoseneighborhoodrelationsareimplicitly stored
in thepoint orderingof thefull resolutionmodelandhence
arestill availableafterdecompression.

Figure 2: 8-neighborhoodafter 3 passesof hierarchical
point contraction.

Notethatsucha hierarchy canonly bebuilt if eachlayer
in the forestbut the root layer containsan even numberof
points.Thus,theoriginal modelhasto consistof a multiple
of 2d points. If this is not the case,the maximum2d � 1
remainingpoints are storedseparatelyand compressedby
entropy codingonly. For a moderatenumberof recursions,
like d = 10, this numberis relatively smallcomparedto the
overall size of typical modelsthat often consistof several
100k points.

Thecompressionperformancelargelydependsonthepair
decompositionbecauseit considerseachaveragepointasan
approximationto eachof its sons.Thus,we preferablywant
to contract“good” pairsof pointswith similar attributeval-
ues.Findingthebestsetof pairsbasicallyis anoptimization
problemin the spacespannedby all point attributes.This
can be describedas a minimum weight perfect matching
problem[LP86] in anundirected,weightedgraphG= (V;E)
with verticesV andweightededgesE. Its taskis to �nd aset

of edgesM � E of cardinalityjMj = jVj=2 suchthatno two
edgesshareavertex in commonandthesumof edgeweights
in M is minimal. In a completegraphwith an even num-
berof vertices,sucha matchingalwaysexists.To speedup
thematchingprocess,we do not constructa completegraph
but only anadjacency graphconnectingeachpoint with its
k = 12 nearestneighbors.In the very unlikely event when
nomatchingis foundwecanstill increasek andlet thealgo-
rithm runagain,but thisneverhappenedin ourexperiments.
A classicalsolutionof thematchingproblemis providedby
Edmonds'blossomshrinkingalgorithm[Edm65]. In our im-
plementation,weusethefastermethoddescribedin [CR99].

Theweightwi; j for eachedgef i; jg canbeexpressedasa
sumof distancefunctionsdA, describingfor eachattributeA
thedifferenceof its valuesat thepointsl � k

i andl � k
j adja-

centto thatedge:

wi; j = å
A

dA(i; j):

In practice,we incorporateherethepoint positionsx� k and
normalsn� k. Thedistancebetweennormalscorrespondsto
thecosineof their enclosingangle:

dn(i; j) =
1� n� k

i � n� k
j

2
:

If we considerasa positionweightonly theEuclideandis-
tance,wemayendupaftertwo recursivesubsamplingpasses
in 4-neighborhoodsconsistingof linearly arrangedpoints.
This will leadto instabilitiesin thesubsequentdetailcoef�-
cient computation.So we additionallyincludethe previous
directionof thecontractionof thepointsl � k+ 1

2i andl � k+ 1
2i+ 1
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i andsimilarly for thecontractionto l � k

j :

dx(i; j) =
�
�
�x� k

i � x� k
j

�
�
�

+

�
�
�
�
�

x� k+ 1
2i � x� k+ 1

2i+ 1

jx� k+ 1
2i � x� k+ 1

2i+ 1 j
�

x� k
i � x� k

j

jx� k
i � x� k

j j

�
�
�
�
�

+

�
�
�
�
�

x� k+ 1
2j � x� k+ 1

2j+ 1

jx� k+ 1
2j � x� k+ 1

2j+ 1 j
�

x� k
i � x� k

j

jx� k
i � x� k

j j

�
�
�
�
�
:

Figure3 shows theresulting64-neighborhoodsaftersix re-
cursiveexecutionsof thematchingalgorithm.

5. PredictiveDiffer ential Coding

Next, we successively computea binary forestof detail co-
ef�cients (g� d; : : : ;g� 1) of which eachlayer g� i contains
the informationthat is necessaryto reconstructl � i+ 1 from
l � i . Thecalculationsaredonewith thehelpof two attribute-
speci�c operators:acoordinatetransformC andaprediction
operatorP. With regardto laterdecompression,C hasto be
invertiblebut notP. We�nally endup in asetof coef�cients
(l � d;g� d; : : : ;g� 1) which is suf�cient for reconstructionof
the original model. Becauseeachdetail layer g� i hasthe
samesizeasits correspondingaveragelayerl � i , thewhole
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Figure3: 64-neighborhoodsafter16matchingpasses.

coef�cient setis still of thesamesizeastheoriginal model.
But the new datais muchmoredecorrelatedandtherefore
moresuitablefor compression.

Becausehigh-resolutiondetailcoef�cients recursively de-
pendon their lower-resolutioncounterparts,quantizationer-
rors that will be introduceddue to compressionwould ac-
cumulatein eachrecursion.To preventthis,wecomputethe
detail coef�cients top down from g� d to g1, quantizethem
aftereachrecursionandpropagatethequantizationerror to
thenext higherresolution:After determiningandquantizing
the coef�cients g� k we �rst updatethe next averagelayer
l � k+ 1 outof l � k andthequantizedg� k andthenrecursively
proceedcomputingthedetailcoef�cients g� k+ 1 of thenext
higher resolutionlayer. The decoderlater successively re-
constructshigher-resolutionmodelsl � k+ 1 from theaverage
pointsl � k andthedetailg� k. There,all thedataprocessing
canbedonein placeby recursively substitutingl � k andg� k

by l � k+ 1, similarly to thelifting scheme[Swe95].

The actualcomputationof the detail coef�cients is per-
formedasillustratedin Figure4. For eachcontractionpair
(l � k+ 1

2i ; l � k+ 1
2i+ 1 ) and its correspondingaveragepoint l � k

i ,

we try to predictl � k+ 1
2i from l � k

i usinga predictionopera-
tor P andstorethepredictionerrorin g� k

i . With thisinforma-
tion, bothhigherresolutionpointscanbereconstructeddue
to symmetry. In many cases,thepredictiondoesnotperform
well if it is carriedout in theglobalspaceof themodel.So
we applybeforehanda local coordinatetransformC which
dependsonthepointsof l � k andbettercharacterizestheat-
tributespacelocally. Figure5 illustratestheoperatorframe-
work bothfor encodinganddecoding.Notethatthedecoder
performsthesamepredictionP astheencoder, whereasthe
coordinatetransformC during decodingis inversein order
to obtainagain theglobalmodelcoordinatesfrom thecoef-
�cients encodedin thelocal referenceframes.

The whole transformationis recursively appliedup to a
depthd. As thecoherenciesbetweenneighboringpointsget
worsefor lowerresolutions,adepthbetweend = 6andd = 8
usuallygivesthebestcompressionresults.Becausethecoor-
dinatetransformC dependsonneighborhoodrelationsin the

point setl � k, themultiresolutionforestis built somerecur-
sionshigherfor gettingneighborhoodrelationsin l � d. We
actuallyusetherea depthof d + 2 becauseour coordinate
transformsrely on4-neighborhoodrelations.

P
l -k

i

g-k
i

l -k+1
2i+1

l -k+1
2i

Figure4: Predictionanddetail coef�cient.

C

C

P

-l -k+1 g-k

l -k

(a)Encoding.

C-1

C

P

+ l -k+1g-k

l -k

(b) Decoding.

Figure5: Operator framework.

In the following, we provide operatorsC and P for the
compressionof thepointpositions,colorsandnormals.

5.1. Positions

For compressionof the point positions,we want to exploit
thefact thatall pointsarearrangedon a surfaceandnot for
instancein a volume.Sowe locally approximatethegeom-
etry by a least-squaresplaneandstorethe predictionerror
relative to thatplane.

For an average point l � k
i , the operator C con-

structs the least-squaresplane from the point positions
(x� k

i� (i mod 4) ; : : : ;x
� k
i� (i mod 4)+ 3) which arepart of a neigh-

borhoodrelation.Theplaneminimizesthesquareddistances
to thesefour points and is thereforean approximationto
the local geometryof the model.It is computedby a prin-
cipal componentanalysis(PCA) over thosepoints which
deliversanorthonormalcoordinatesystem(n;u;v) describ-
ing theprincipaldirectionsof thecovarianceellipsoidof the
pointpositions[PGK02]. Thissystemis alignedto theleast-
squaresplaneof which n representsits normal vector. As
depictedin Figure6, we translatethe origin of that system
to x� k

i and representall points by cylindrical coordinates
(r;q;z).

The operatorP then predictsthe coordinates(r;q;z) of
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q
r

z
n
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v

Figure 6: Thereferenceframefor thepositiondetail coef�-
cients.

x� k+ 1
2i . Assumingthat the least-squaresplaneis a closeap-

proximationof thegeometry, we canpredicttheelevationz
of thepointover thesurfaceasz= 0. Undertheconditionof
anapproximatelyregularsamplingof themodel,wecanalso
make a predictionfor r: As theaveragepoint densitydrops
by a factorof

p
2 with eachlower resolutionstep,r canbe

predictedfrom thedensityof thefour averagepointsdivided
by 2

p
2. Thedensityof theaveragepointsitself is estimated

by theiraveragedistance.Finally, wealsopredictq = 0.The
predictionerror for q thenlies in the interval [0;2p]. It can
befurtherconstrainedto [0;p] by swappingthepointsl � k+ 1

2i
andl � k+ 1

2i+ 1 alongwith their associatedsubtreesin the mul-
tiresolutionhierarchy in thecaseof anerrorgreaterthanp.

 0

(a)Detail of r.

 0

(b) Detail of q.

 0

(c) Detail of z.

Figure7: Histogramsof thepositiondetail coef�cients.

Figure7 shows histogramsof thedetailcoef�cients from
theChameleonmodeloverall resolutionlevels.Thepeaksat
zeroprovethesuitabilityof ourpredictions.It alsoshowsan
accumulationof the angularcomponentaroundzerowhich
is dueto thealignmentof our referenceframeto thecovari-
anceellipsoid.

5.2. Colors

All colors are �rst transformedfrom RGB into the global
YUV spaceby the operatorC. This representationis more
closelyrelatedto thehumanperceptionasit splits thecolor
information into a luminancepart Y anda chromaticityU
andV. Becausehumansaremoresensitivefor theluminance
thanthechromaticity, we spendmorebits for Y thanfor U
respectively V duringquantization.

Assumingthatneighboringpointsof themodelhavesim-
ilar colors,thepredictionoperatorP is zero.Hence,westore

in thedetailcoef�cients for eachcontractionpair thediffer-
encebetweenthe colorsof onehigher-resolutionpoint and
the averagepoint. Histogramsof thosecoef�cients arede-
pictedin Figure8.

 0

(a)Detail of Y.

 0

(b) Detailof U.

 0

(c) Detail of V.

Figure8: Histogramsof thecolor detail coef�cients.

5.3. Normals

For eachcontractionpairwestoretheanglebetweentheav-
eragenormal and one of the higher-resolutionnormalsin
sphericalcoordinates.Hence,the predictionP is zero for
bothq andf . ThecoordinatetransformC needsa local ref-
erenceframe to align the sphericalcoordinatesystem.We
usethe averagenormalasthe polar referencedirection.To
obtainan azimuthalreferencevector, we projectthe vector
with the biggesteigenvaluedeliveredby the PCA from the
positionscoderonto theplaneperpendicularto theaverage
normal.Figure9 showshistogramsof thedetailcoef�cients.

 0

(a)Detail of q.

 0

(b) Detail of f .

Figure9: Histogramsof thenormaldetail coef�cients.

6. Encoding the Detail Coef�cients

The detail coef�cients areeventually compressedby a ze-
rotree coder [Sha93] which is specializedon the coding
of multiresolutioncoef�cients and is able to encodethem
very ef�ciently . It exploits similaritiesbetweencoef�cients
in subtreesof the multiresolutionhierarchy. The outputof
the zerotreecoderis a streamof symbolswhich is further
compressedby arithmeticcoding.We currentlyusethe al-
gorithmprovidedin [MNW98]

Both zerotreeandarithmeticcoderbehave progressively.
A partialarithmeticdecodingof thecompresseddatastream
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deliversa pre�x of the zerotreestreamafter arithmeticde-
coding.Thezerotreedecoderthenproducesa setof inexact
coef�cients which getsre�ned asmoredatais deliveredto
thedecoder.

The conventional zerotreealgorithm however succes-
sively re�nes the coef�cients of all resolutionssimulta-
neouslyduring progressive decoding.This behavior does
not blendwell with our quantizationerror propagation be-
causeour coderassumesan ascertainedaccuracy of lower-
resolutioncoef�cients. Introducingagreatererroraftercom-
pressionleadsto instabilitiesin theleast-squaresplanesand
thusproducesaninferior quality of decompressedpoint po-
sitions. Thereforewe use the conventional zerotreecoder
only for �x edratecompression.

If real progressive decompressionis desired,we suggest
a modi�cation of thezerotreeencoderwhich consistsin re-
orderingits outputstreamin suchawaythat,duringlaterde-
compression,thedetailcoef�cients get re�ned successively
from low to highresolution.Theconventionalzerotreecoder
doesthe encodingin several passes.In eachpass,an addi-
tional bit for eachsigni�cant coef�cient is coded,succes-
sively gainingmoreaccuracy. Within eachpass,the datais
processedfrom thelow resolutioncoef�cients upto thehigh
resolution.Ourmodi�cation consistsin swappingthosetwo
orderings.Thus,we �rst arrangethe datafrom low to high
resolutioncoef�cients and then do the orderingaccording
to the bit signi�cance.During progressive decodingof that
stream,thehigh resolutioncoef�cients all startwith a value
of zeroand they will not be re�ned until all lower resolu-
tion coef�cients are fully decoded.This manifestsitself in
increasingthe resolutionof the decodedmodel.In the fol-
lowing section,weprovideexperimentalresultsfor bothap-
proaches.

7. Results

We evaluateour coderswith variouspoint modelsof dif-
ferentsizes.Thecompressionperformanceis quanti�ed for
eachattributeby theaveragenumberof bits perpoint (bpp)
in relationto thelossof quality, measuredby thepeaksignal
to noiseratio (PSNR).

In the �eld of meshcompression,the geometricerror is
usuallycalculatedfromthedistancebetweenthecompressed
and uncompressedmeshsurfaces.A similar approachfor
point set surfacesis the comparisonof the corresponding
MLS surfaces[PGK02] which is alsousedby Fleishmanet
al. [FCOAS03]. However, this metric is unableto measure
the samplingof the model,which is a crucial criterion for
high-quality point basedrendering.In contraryto triangle
meshes,a badsamplingwould leadto cracksin thesurface
dueto thelackof connectivity information.Furthermore,the
MLS surfacetendsto smooththe quantizationerrorssuch
that themeasurederror is usuallylower thandisturbancein
thevisualquality.

For thesereasonswe usetheMLS metricfor comparison
with [FCOAS03] only. Whereas,in themainpartof thefol-
lowing evaluation,we concentrateon measuringthe quan-
tizationerrordirectly betweendiscretepairsof correspond-
ing samplesfrom the original andcompressedmodel.The
PSNRfor the position attribute is evaluatedusing the Eu-
clideandistancebetweenthepoints.Thepeaksignalis given
by thelengthof thediagonalof theboundingbox.Theerror
betweenthe normalsis calculatedfrom the enclosedangle
with a peakangleof 180 degrees.For the colors,we com-
putethePSNRonthescalarvaluesof eachchannelY, U and
V separately.

We �rst compareour �x ed rate compressionwith our
progressive scheme,usingvariouscoarsequantizationsfor
thedifferentpointattributes.Figure10showsrate-distortion
curvesfrom thepositioncoder. Theprogressive codingper-
forms between2 and10 percentworsethan the �x ed rate
coding. This is due to the fact that the compressiongain
of the arithmeticcoding is worsefor the progressively re-
orderedzerotreestreamthan for the conventional stream.
Thebehavior of theotherpipelinestagesis identicalin both
cases.Comparedto stateof the art meshcompression,the
PSNRsgiven here are lower since they also measurethe
quality of the sampling.As shown by the imagesof Fig-
ure 13, the compressionartifactsdiffer from thoseof mesh
compressiondueto thelackof connectivity information.For
low bit rates,the samplinggetsmore and more irregular.
We compensatefor theseirregularitiesby recomputingthe
splatradii duringdecompressionwhichcanbedoneveryef-
�ciently usingtheneighborhoodrelationsthatareinherently
storedin thepointordering.

Wefurthergivesomepreliminaryresultsfor ourcolorand
normalcoders.Thecolor compressionis evaluatedin Table
1. As canbe seenin Figure14, it shows someblurry arti-
factswhich aretypical for high compressionof images.Ta-
ble2 showsrate-distortionvaluesof ournormalcoder;sam-
ple imagesaregivenin Figure15. In contrastto meshcom-
pression,weareableto codetheappearanceof themodelin
thesameway thanthegeometry, usingthesamedatastruc-
tures.Hencethereis no needto storeadditionaltexture im-
agesandto associateandcompresstexturecoordinateswith
eachvertex.

Its multiresolutioncharactermakesour compressionap-
proachvery suitablefor streamingandprogressive decom-
pression.Figure11showsrate-distortioncurvesfor progres-
sivedecodingof differentmodels.Theamountof datais de-
scribedin totalbitsperpoint.One�fth of thebits is usedfor
color compression.The restis spreadevenly over theposi-
tion andnormalcoding.As moreandmoredatais decoded,
theresolutionof themodelsuccessively increases.Visualre-
sultsof thisprocessareprovidedin Figure16.

Figure 12 shows a comparisonof our progressive po-
sition coder with the one presentedby Fleishmanet al.
[FCOAS03]. Weusetheerrormetricfrom theirpaperwhich
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Figure10: Compressionperformanceof positioncoder.
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Figure11: Rate-distortioncurvesfor progressivedecompression.

0

0.5

1

1.5

2

2.5

0 2 4 6 8 10 12 14

bits per point

m
ea

n 
M

LS
 s

ur
fa

ce
 e

rr
or

 /
 1

0-4 Dragon, our coder

Dragon, Fleishman

Venus, our coder

Venus, Fleishman

Figure 12: Comparisonof our progres-
sive position coder with the methodby
Fleishmanetal.

PSNR/ dB bitsperpoint
Y U V �x ed progr.

Chameleon 29.5 39.5 38.8 2.5 2.7
(102kpoints) 24.4 38.1 37.3 0.9 1.0

Octopus 26.9 33.7 31.0 2.0 2.1
(466kpoints) 21.9 32.2 28.7 0.8 0.9

Face 35.5 47.4 42.3 1.7 1.8
(41kpoints) 31.9 45.1 39.7 0.8 0.8

Table1: Compressionperformanceof color coder.

measuresthe meandistancebetweenthe MLS surfacesof
the original and compressedmodels. While Fleishman's
coderintroduceslesserror for high bit rateswe areableto
achieve superiorresultsfor lower ratesof about4 bits per
point.

PSNR/ dB bitsperpoint
�x ed progr.

Chameleon 25.8 10.5 13.1
(102kpoints) 24.8 5.8 6.9

Venus 40.0 13.5 17.0
(134kpoints) 36.7 7.9 9.4

Dragon 31.1 10.5 12.7
(436kpoints) 27.8 5.6 6.4

Table2: Compressionperformanceof normalcoder.

8. Conclusionand Futur eWork

In this paperwe provide a framework for compressionof
point-sampledmodels.In contraryto meshcompressionwe
areableto codenot only thegeometrybut arbitraryappear-
anceattributesassociatedwith thepointsamplesin auni�ed
way. The lack of connectivity information further helpsto
savestoragespace.

Ourmethodis basedonmultiresolutionpredictivecoding
which hasthe capabilityof exploiting similaritiesbetween
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neighboringpoints.By employing a graphmatchingalgo-
rithm we areable to �nd neighborhoodrelationsthat give
usa maximumcorrelationin all attributes.Themultiresolu-
tion approachnaturallyleadsto a compressionschemethat
allows for progressivedecoding.

In particularwe presenta coderfor themodelgeometry.
By transformingthe point positionsinto a local reference
frame,we exploit the fact thatall thepointsareliving on a
surface.Wehaveshownbyasetof variousexamplesthatthis
approachworks quite ef�ciently . We completeour frame-
work by alsosuggestingmethodsfor compressionof colors
andnormals.

Nonetheless,thereare still someissuesof future work:
First we aim to further improve the compressionperfor-
mance,especiallyof the color andnormalcoders.A main
taskhereis a thoroughexaminationof the effects that dif-
ferentcodingapproacheshave on the visual quality of the
model.The visual quality of the decompressedmodel can
befurther improvedby supportingelliptical splatsin object
spacewhich achieve a bettercoverageof an irregular sam-
pledsurfacethancirculardisks.Anotherissueis speedingup
thematchingprocessthatcurrentlyhasarelatively hightime
complexity of aboutO(n2 logn) for a searchover n points.
Thiscouldbegreatlyacceleratedby usinganapproximative
matchingmethod.
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Figure13: Comparisonof positioncompression(uncompressed,8.8bpp,4.4bpp).

Figure14: Comparisonof color compression(uncompressed,2.5bpp,1.0bpp).

Figure15: Comparisonof normalcompression(uncompressed,12.7bpp,6.4bpp).

Figure16: Progressivedecompressionwith total bit ratesof 7, 14and23bitsperpoint.
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