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ABSTRACT

In this paper, we proposeanefficient low complexity com-
pressionschemefor denselysampledirregular3D meshes.
This schemeis basedon 3D multiresolutionanalysis(3D
DiscreteWavelet Transform)and includesa model-based
bit allocationprocessacrossthe wavelet subbands.Coor-
dinatesof 3D waveletcoefficientsareprocessedseparately
andstatisticallymodeledby a generalizedGaussiandistri-
bution. This permitsan efficient allocationeven at a low
bitrateandwith avery low complexity. We introduceapre-
dictivegeometrycodingof LF subbandsandtopologycod-
ing is madeby usingan original edge-basedmethod. The
mainideaof our approachis themodel-basedbit allocation
adaptedto 3D wavelet coefficientsandthe useof EBCOT
coderto efficiently encodethe quantizedcoefficients. Ex-
perimentalresultsshow compressionratio improvementfor
similar reconstructionquality comparedto thewell-known
PGCmethod[1].

1. INTRODUCTION

Triangularmeshesare a powerfool tool for modelingthe
shapeof complex 3D objects. Becauseof their simplicity
(points and edges),they are easily manipulatedand more
andmorepresentin 3D modelsvisualisationsetting.Trian-
gular meshesoften result from 3D acquisitiontechniques:
they arefinely detailledandhighly sampled.Unfortunately
they areverycomplex (irregularconnectivity) andhavetre-
mendoussize. Hence,they areawkward for computation,
storageor transmission.Compressiontechniquesareessen-
tial but visualquality mustbepreserved. Thegoalof com-
pressionalgorithmsis to stronglyreducethequantityof data
to representanobjectfor a givenglobalquality. In 2D im-
agecompression,thetoolsarewell developedsincedecades
andalgorithmsarenow very efficient [2]. However, com-
pressionof 3D meshesarerelatively new. Generally, they
involve geometricandtopologicdatacompression,andthe
limit of thesekind of methodscanbefoundin [3].

Thiswork is supportedby agrantfrom theregionPACA andOpteway
Corporationin SophiaAntipolis, France.

Recently, Lounsbery[4] and Sweldens[1] introduced
progressivecompressionschemesusing3D multiresolution
analysis. Thesemethodsare basedon the rate-distortion
theory. Our framework is basedon multiresolutionanalysis
theory like in [4, 1] insteadof a losslessnon progressive
compressionlike [5, 6].

Thispaperis organizedasfollows. Section2 introduces
thecompressionschemeandthemodelsusedby thebit allo-
cationprocess.Section3 dealswith geometrycodingwhile
section4 proposesanew algorithmfor topologycoding.Fi-
nally, we compareour algorithmwith thePGCmethodand
concludein section5.

2. 3D MULTIRESOLUTION SCHEME

2.1. Backgrounds

Thefirst stepof ourcompressionscheme(seefigure1) is to
obtaina semi-regular meshof the original irregular mesh.
ThetechniqueusedisMAPS[7]. Hence,aDiscreteWavelet
Transform(DWT) canbeappliedon thesemi-regularmesh
to obtainamultiresolutionrepresentation:

�����
resolution

levelsof waveletcoefficients(HF coefficients) anda coars-
estlevel (LF coefficients). Thesecoefficientsaretridimen-
sionalvectors���	��
 �����
 ���	��
 ��� , where� standsfor theresolu-
tion index. In our work, we choosetheLoop DWT because
this transformgivesgoodvisualresultsin 3D meshescom-
pression[1]. Then,weuseanoptimalnearlyuniformscalar
quantizerwith non uniform quantizationstepdescribedin
[8]. The quantizedwavelet coefficientsareentropy coded
using EBCOT coder [9, 10]. This losslesscontext based
coder, includedin JPEG2000[2], createsanembeddedbit-
stream.ZerotreecodingasSPIHT[11] couldalsobeagood
candidate.However, EBCOT coderhasbeenshown more
efficient for imagesthanSPIHT[2]. Also it will beusedto
encodethetopology.

2.2. Waveletcoefficientsmodel

In [12] we showed that mostof the normalizedzero-mean
cross-correlationsbetweenthecoordinatesof waveletcoef-
ficientsarelocatedaroundzero.By this way, we proposea
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Fig. 1. Proposedcompressionscheme.

separatequantizationprocessfor eachcoordinatesubband� � ��
 ��� .
2.2.1. Waveletcoefficientsdistribution

The only way to allocatethe bitratesin the differentsub-
bandswithout pre-quantizingeachsubbandis to performa
model-basedbit allocation,dependingondistortionandrate
modelsand the coefficient distributions. We can observe
thatall HF subbanddistributionsarezeromeanandall in-
formationsareconcentratedon few coefficients(verysmall
variances)[12]. It can be shown that a good approxima-
tion for eachHF coordinatepdf is givenby thegeneralized
Gaussiandistribution [13]:� ����������! #" $&%'" ( (1)

with )*� �+-, .0/ �212354.0/ �612354 and �7� $ 3� .0/ �612354 . Theparameter8 is
computedusingthe varianceandthe fourth-ordermoment
of eachsubband

� � ��
 ��� .
2.2.2. Rateanddistortionmodels

For eachcoordinatesubband
� � ��
 ��� , thebitrate 9 ��
 � related

to a deadzonescalarquantizer
��: ��
 �5;6<���
 � � , is estimatedby

computingtheentropy:

=�>�? @�ACB DFEGHJILK M6NPO E7QSR!TLU
>�? @WV	XZYW[�\

QSR5TLU
>L? @WV

(2)

with ]*^���_7��
 ��� theprobabilityof a quantizationlevel _7��
 � :
QSR5TLU

>L? @WV`A acb I�K Md DfeLg HJILK M g O	hjilkmILK Mb ILK Md DPg HJILK M g kmILK M n TLo
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o
>L? @

(3)

and QSR!T�r
V`A a D b ILK MdO b I�K Md n TLo

>L? @sV&q
o
>�? @

(4)

Furthermore,the relatedmodel-baseddistortion t �u I�K M for
the �v;mw!xzy subbandis:

{ \| I�K M A}a D b ILK MdO b ILK Md n TLo
>L? @pV&q

o
>�? @

~�� DFEGHJILK MvNPh acb
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(5)

where ���
 � is anoriginal sampleand ��	��
 � its corresponding
quantizedsample.For a generalizedGaussiandistribution,
formula(5) canbewrittenas:{ \| ILK M A { \>�? @s� >L? @ T

� >�? @{ >�? @P�0� >�? @{ >�? @ V (6)

with t ���
 � thevarianceof subband�v;mw . See[8, 10] for more
explanations.

3. GEOMETRY CODING

3.1. Predictivecoding for LF coefficients

Thecoefficientsof LF resolutionlevel do not haveany par-
ticular distribution andcannotbemodeledby anunimodal
functionlike HF ones.To overcomethis problem,we usea
predictionmethodandproposeto modelthedifferencesbe-
tweentwo LF coefficientsinsteadof the LF vectorsthem-
selves. Indeed,thesedifferencevectorscanbemodeledby
a generalizedGaussiandistribution.

Let ������� � � � ;2�f��^������������ �F;2�����*����^�x����p�¡ W¢ � be
the setof LF vectors,let £ be the outputsetof difference
vectorsand ¤ the outputset of new-orderedindices. The
pseudo-codeis:

1. The first referencevector ¥ is ¥ >l¦s>l§ ; ¨ Aª©¬«��«L®z¯
; ¥±°5²

holdsall LF vectorsexcepted¥´³ ;
2. Find ¥ > theclosestpointof ¥ among¥±°5² by minimizingµ¶µ ¥ B ¥ > µ¶µ \ ;



3. Add
«

in ¨ andaddthedifferencevector T ¥
B ¥ > V in · ;

4. Remove ¥ > from ¥*°!² ; ¥�¸¹¥ > ;
5. If ¥±°5² is notempty, returnto step2 elsestop.

Theobtainedset £ representsthethreeLF subbandsand
will be consideredby the allocationprocesslike classical
wavelet coefficients (seesection3.2). It dependson the
choiceof � �Zº��l» . On theotherhand,to correctlyreconstruct
themesh,theset ¤ mustbeknown by decodersincetheor-
derof £ is differentof theoriginal list of vectors.In orderto
avoid an additionnalbinary costby transmitting ¤ , we ad-
justatcodingsteptheorderof LF coefficientsto onewhich
is givenby ¤ (seefigure2).
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Fig. 2. Predictivecodingof LF coefficients.Examplewith 9
verticesindexedfrom 0 to 8. Thearrowsshow thepredicted
pathfoundby thealgorithm.

3.2. Optimal Bit allocation

3.2.1. General purpose

This is the crucial stepof our compressionscheme. The
main idea is to determinethe best set of deadzonesand
quantizationsteps

� <���
 �5; : ��
 � � for eachsubband(in ourcase,
setsof coordinates

� �	��
 � � for � and w fixed) thatminimizes
thedistortion t �u ILK M at agivenrate[8].

By introducingLagrangianoperators,this constrained
allocationproblemcanbewrittenas:

¼ � � < ��
 � ; : ��
 ��� ;v½�-�¿¾À �ZÁÂ�
�À
�6Á#�fÃ ��
 �WÄ	��
 � t ���
 ��Å ��
 � � < ��
 �t	��
 � ;

: ��
 �tF��
 � �
Æ ½Ç� ¾À �lÁ#�

�À
�6ÁÂ� ����
 �s9È��
 �!� <���
 �t ��
 � ;

: ��
 �t ��
 � � � 9ÈÉJ� (7)

where Ä	��
 � and Ã ��
 � are optional weightsrespectively for
taking accountof the non-orthogonalityof the filter bank
andfor frequency selection.Thecoefficients � ��
 � dependon
thesubsamplingandcorrespondto � ��
 � �� s��<!��� � � ��
 �¡� �6Ê���ËÇÌ� semi-regularvertices). Å ��
 � and 9´��
 � dependonly on 8
andthequotients Í I�K M+ ILK M and Î ILK M+ I�K M .

By differentiatingexpression(7)with respectto <���
 � , : ��
 �
and ½ , andby solving the resultingsystem,we obtainthe
optimalrelationships[8]:

y ��
 � � : ��
 �t	��
 � �-�ÐÏ�Ñ ILK MÏ % d ��Ò5�6� Î
I�K M+ I�K M �¬; Î I�K M+ I�K M �

ÏsÓ I�K MÏ % d �LÒ5�v�5Î
ILK M+ ILK M �p;	Î ILK M+ ILK M � � � ½ �'��
 �

Ã ��
 � Ä ��
 �st ���
 � (8)

¾À �lÁ#�
�À
�6ÁÂ� ����
 �s9È��
 �!�LÒ5��
 �!�

: ��
 �t ��
 � �p;
: ��
 �t ��
 � � � 9´ÉÔ��� (9)

with Í ILK M+sI�K M �ÕÒ ��
 � �¡Í I�K M+�ILK M � for a given ½ . y ��
 � is usedin (8) to
simplify thenotations.
This allocationneedsthreefunctionsdependingon thedis-
tribution model: ��Ö-� � y	��
 �����×�!�¡��9´��
 ��� , 9´��
 �Ø�Ù�¡�!�5Î ILK M+ ILK M �
and Í I�K M+ ILK M �CÒ ��
 � � Î I�K M+ ILK M � . For low complexity purposes,weuse
pre-computedtables.

3.2.2. Algorithm

Thebit allocationalgorithmis thefollowing:

1. Ú is given.Compute
B Ú Û ILK MÜ ILK MzÝWILK MßÞ dI�K M AàXZ T

B�á�>L? @�V
andread

theresultingbitrate
= >L? @

from thefirst pre-computedtables.

2. While (9) is notverified(below agiventhreshold),calculate
a new Ú by dichotomyandreturnto step1;

3. Compute
k ILK MÞ I�K M for eachsubbandusingthetabulatedfunction=�>�? @SA}âs\
T
kmILK MÞ ILK M V ;

4. Usethetable ã ILK MÞ ILK M A�[�>L? @ T
kmILK MÞ ILK M V to find � >�? @ .

Duringbit allocation,theconvergenceis foundafterfew
iterations.Finally, subbandsarequantizedusingtheoptimal
set

� <���
 �5; : ��
 � � andencodedwith EBCOT.

3.3. Experimental results

Our geometrycoderis comparedwith thePGCmethodone
[1]. The comparisoncriteria are: the bitrates(bits/vertex)
with respectto the numberof verticesof the semi-regular
meshandthe PeakSNR: ]åä � 9¹��æ��5�j��Ò ��ç � ����è	Ê¡é , with� ���0è theboundingbox diagonaland é theRMSEbetween
original semi-regular meshand quantizedone. Figures3
show resultsfor three3D objects(venus, rabbit andhorse).
Wecanobservetheefficiency of theproposedbit allocation:
our resultsaresimilaror superiorto thoseobtainedby PGC
methodfor thesethreeobjects.

4. TOPOLOGY CODING

4.1. Algorithm

To reconstructthe object,only the coarsestlevel triangles
needto be transmittedor stored. In fact, the topology of
finerresolutionlevelsis implicit dueto thesubdivisioncon-
nectivity remeshing[7]. By this way, we proposean effi-
cientmethodto encodethecoarsemesh,exploiting thenew



Fig. 3. Geometrycoding:PSNR(on semi-regularmesh)vs Ratefor venus,rabbitandhorseobjects.

path.Ourtopologycoderincludestwo steps:reorganization
of vertex indicesinsidetrianglesandedgeencoding.First,
the indicesarerenameddependingon the pathandsorted
in eachtriangleby increasingvalues(thispermitsanunique
reconstructionof the topologyby the decoder).Then,we
introducearight triangularmatrix ê to storetheLF edges:êÕ� �2;6� Æ w5¢ representstheexistenceof theedge ���2;&w�� . The
algorithmis thefollowing:

1. Renamevertex indicesdependingon the set
© ¨ ¯ obtained

in section3.1;

2. Sorttheindicesof LF trianglesby increasingvalues;

3. Reorganizethechildrentrianglesdependingonthetwo first
steps;

4. Fill thematrix ë : ë�ì « � « ~�ísî ACï (2 for aboundaryedge)
if theedge T

« � í V existsand r else;

5. Encodethevaluesof ë with EBCOT.

4.2. Experimental results

Table1 shows thebinarycostto encodethetopologicalin-
formation. Thebitrateintroducedby the proposedmethod
is negligible comparedto thegeometrycodingcost.More-
over, it will bededucedfrom thetargetbitrate 9´É to take in
accountthetopologyduringbit allocation(seefigure1).

# LF Tri. binarycost(b) Bitrate(b/v)
Rabbit 210 1248

�5ðZ�sñ �5ò  �
Venus 388 2426

�5ð æ5æ � ò  �
Horse 220 1272

�5ðZ� æ5ó5ò  �
Table 1. Topology binary cost for differentobjects,with
respectto thenumberof verticesof semi-regularmesh.

5. CONCLUSIONS

In thispaper, weproposedanew compressionschemeusing
model-basedgeometrycodingof 3D wavelet coefficients.

The efficiency of this codercomesfrom the low complex-
ity model-basedbit allocation: bits are dispatchedacross
subbandsaccordingto their variance.Moreover, a predic-
tive methodis usedto processtheLF vertices.Thus,these
subbandscanbemodeledandintroducedin the bit alloca-
tion process.It providesresultsslighly betterthanthePGC
method[1]. Finally, our topologyencoderpermitsthe re-
constructionof theobjectwith avery low additionnalcost.
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