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ABSTRACT

In this paper we proposean efficient low complexity com-
pressiorschemdor denselysampledrregular 3D meshes.
This schemeis basedon 3D multiresolutionanalysis(3D
Discrete Wavelet Transform)and includesa model-based
bit allocationprocessacrossthe wavelet subbands.Coor
dinatesof 3D waveletcoeficientsareprocessedeparately
andstatisticallymodeledby a generalizedGaussiardistri-
bution. This permitsan efficient allocationeven at a low
bitrateandwith averylow compleity. We introducea pre-
dictive geometrycodingof LF subbandsndtopologycod-
ing is madeby usingan original edge-basedhethod. The
mainideaof our approachs the model-basedit allocation
adaptedo 3D wavelet coeficientsandthe useof EBCOT
coderto efficiently encodethe quantizedcoeficients. Ex-
perimentaresultsshov compressiomatioimprovementfor
similar reconstructiorquality comparedo the well-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
andmorepresenin 3D modelsvisualisationsetting. Trian-
gular mesheoften resultfrom 3D acquisitiontechniques:
they arefinely detailledandhighly sampled.Unfortunately
they arevery complex (irregularconnectvity) andhavetre-
mendoussize. Hence,they are awkward for computation,
storageor transmissionCompressiotiechniquesreessen-
tial but visual quality mustbe presered. The goal of com-
pressioralgorithmssto stronglyreducehequantityof data
to representan objectfor a givenglobal quality. In 2D im-
agecompressionthetoolsarewell developedsincedecades
andalgorithmsarenow very efficient [2]. However, com-
pressionof 3D meshesarerelatively new. Generally they
involve geometricandtopologicdatacompressionandthe
limit of thesekind of methodscanbefoundin [3].
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Recently Lounsbery[4] and Sweldeng1] introduced
progressie compressiorschemesising3D multiresolution
analysis. Thesemethodsare basedon the rate-distortion
theory Ourframework is basedn multiresolutionanalysis
theorylike in [4, 1] insteadof a losslessnon progressie
compressiotike[5, 6].

This paperis organizedasfollows. Section2 introduces
thecompressioschemeandthemodelsusedby thebit allo-
cationprocessSection3 dealswith geometrycodingwhile
sectiord proposes new algorithmfor topologycoding. Fi-
nally, we compareour algorithmwith the PGCmethodand
concludein section5.

2. 3DMULTIRESOLUTION SCHEME

2.1. Backgrounds

Thefirst stepof our compressioschemgseefigure 1) is to
obtaina semi-rggular meshof the original irregular mesh.
Thetechniquauseds MAPS[7]. Hence aDiscreteWavelet
Transform(DWT) canbeappliedon the semi-regularmesh
to obtaina multiresolutionrepresentationV. — 1 resolution
levels of waveletcoeficients(HF coeficient9 anda coars-
estlevel (LF coeficienty. Thesecoeficientsaretridimen-
sionalvectors(z; 1 ;2 x;,3), wherei standdor theresolu-
tion index. In ourwork, we choosethe Loop DWT because
this transformgivesgoodvisualresultsin 3D meshesom-
pressior[1]. Then,we useanoptimalnearlyuniformscalar
quantizerwith non uniform quantizationstepdescribedn
[8]. The quantizedwavelet coeficientsare entropy coded
using EBCOT coder[9, 10]. This losslesscontet based
coder includedin JPEG2000[2], createsanembeddedbit-
stream.ZerotreecodingasSPIHT[11] couldalsobeagood
candidate.However, EBCOT coderhasbeenshavn more
efficientfor imagesthanSPIHT [2]. Also it will be usedto
encodehetopology

2.2. Wavelet coefficientsmodel

In [12] we showved that mostof the normalizedzero-mean
cross-correlationbetweerthe coordinateof waveletcoef-
ficientsarelocatedaroundzero. By this way, we proposea
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Fig. 1. Proposecompressiorscheme.

separatequantizationprocessor eachcoordinatesubband Furthermorethe relatedmodel-basedlistortion aé“ for

{zi;}-

2.2.1. Waveletcoeficientsdistribution

The only way to allocatethe bitratesin the differentsub-
bandswithout pre-quantizingeachsubbands to performa
model-basedit allocation,dependingndistortionandrate
modelsand the coeficient distributions. We canobsenre
thatall HF subbanddistributionsarezeromeanandall in-

formationsareconcentratedn few coeficients(very small
variances)12]. It canbe shovn that a good approxima-
tion for eachHF coordinatepdf is givenby the geneslized
Gaussiardistribution [13]:

p(e) = ae” "l (1)
with b = %, / ?Ef?ig anda = QF(’&% Theparameter is

computedusingthe varianceandthe fourth-ordermoment
of eachsubband{z; ; }.

2.2.2. Rateanddistortionmodels

For eachcoordinatesubband{z; ; }, thebitrate R; ; related
to a deadzonescalarquantizer{g; ;, z; ; }, is estimatedby
computingtheentroyy:
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wherez; ; is anoriginal sampleandz; ; its corresponding
quantizedsample.For a generalizedsaussiardistribution,
formula(5) canbewritten as:

2 2 Zi,j  qij
0o, . =0, :D; i (—=, == 6
Qi j [N a2V (O'i,j ) i ) ( )

with J%’j thevarianceof subband, j. Se€[8, 10] for more
explanations.

3. GEOMETRY CODING

3.1. Predictive codingfor LF coefficients

The coeficientsof LF resolutionlevel do not have ary par
ticular distribution andcannotbe modeledby an unimodal
functionlike HF ones.To overcomethis problem,we usea
predictionmethodandproposao modelthe differencede-
tweentwo LF coeficientsinsteadof the LF vectorsthem-
selwes. Indeed thesedifferencevectorscanbe modeledby
ageneralizedsaussiardistribution.

Let Xpr = {X;, for all i € [0,#LFvertices]} be
the setof LF vectors,let § be the outputsetof difference
vectorsand I the output set of new-orderedindices. The
pseudo-codés:

1. Thefirst referencevector X is X;n;:; I = {init}; Xor
holdsall LF vectorsexceptedXo;

2. Find X; theclosestpointof X amongX_rr by minimizing
I1X — X%



3. Add< in I andaddthedifferencevector(X — X;) in 4;
4. Remoe X; from Xpp; X «— X;;
5. If X r is notempty returnto step2 elsestop.

Theobtainedsetd representthethreelL F subbandsand
will be consideredby the allocationprocesdike classical
wavelet coeficients (seesection3.2). It dependson the
choiceof X;,;;. Ontheotherhand,to correctlyreconstruct
themesh the set] mustbe known by decodeisincethe or-
derof § is differentof theoriginallist of vectors.In orderto
avoid an additionnalbinary costby transmitting/, we ad-
justatcodingstepthe orderof LF coeficientsto onewhich
is givenby I (seefigure?2).

Oldindices 0 2 1 4 3 5 7 8

Newindices 0 1 2 3 4 5 6 7

Fig. 2. Predictive codingof LF coeficients.Examplewith 9
verticesindexedfrom 0 to 8. Thearrowvsshav thepredicted
pathfoundby thealgorithm.

3.2. Optimal Bit allocation
3.2.1. Geneal purpose

This is the crucial step of our compressiorscheme. The
main ideais to determinethe bestset of deadzonesnd
quantizatiorsteps{z; ;, g;,; } for eachsubbandin ourcase,
setsof coordinatesz; ;} for i andj fixed)thatminimizes
thedistortionaéi)]_ atagivenrate[8].

By introducing Lagrangianoperators this constrained
allocationproblemcanbewritten as:
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where; ; and A; ; are optional weightsrespectiely for
taking accountof the non-orthogonalityof the filter bank
andfor frequeng selection.Thecoeficientsa; ; depencbn
thesubsamplingindcorrespondoa; ; = size({z;,;})/(3x
# semi-rgularvertices) D; ; and R; ; dependonly on o
andthequotientsZ—:i andji—ﬂ.

By differentiatingexpressior(7) with respecto z; ;, g; ;
and A, and by solving the resultingsystem,we obtainthe
optimalrelationshipg8]:
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with 2L = g; ;(Z:4) for agiven \. h;; is usedin (8) to
S|mpI|nythenotat|0ns

This aIIocatlonneedsthreefunctionsdepending)nthedis—
tribution model: In(—h;;) = fi(Ri;), Rij = fz(g’;—’j,)
andZii = g; (21, For low compleqty purposeswe use
pre- co]mputedables

3.2.2. Algorithm

Thebit allocationalgorithmis thefollowing:
1. Xisgiven.Compute—A x5l = ;) andread

In(—h;,
74,5955
theresultingbitrate R;,; from thefirst pre-computedables.

2. While (9) is notverified (belov agiventhreshold)calculate
anew A by dichotomyandreturnto stepl;

3. Compute_ - el for eachsubbandisingthetakulatedfunction
Ri; = f2(ﬁi)'
4. Usethetable 2L = g; (% d L) tofind z; ;.

Duringbit aIIocatlon,thecon/ergences foundafterfew
iterations.Finally, subbandsrequantizedusingtheoptimal
set{z; , i ;} andencodedvith EBCOT.

3.3. Experimental results

Our geometrycoderis comparedvith the PGCmethodone
[1]. The comparisorcriteria are: the bitrates(bits/vertex)
with respectto the numberof verticesof the semi-reyular
meshandthe PeakSNR: PSN R = 20logiopeak /d, with
peak the boundingbox diagonalandd the RMSE between
original semi-rgular meshand quantizedone. Figures3
shaw resultsfor three3D objects(venus rabbit andhorsé.
We canobsenetheefficiengy of theproposedit allocation:
ourresultsaresimilar or superiorto thoseobtainedby PGC
methodfor thesethreeobjects.

4. TOPOLOGY CODING

4.1. Algorithm

To reconstructhe object, only the coarsestevel triangles
needto be transmittedor stored. In fact, the topology of
finerresolutionlevelsis implicit dueto the subdvisioncon-
nectvity remeshing7]. By this way, we proposean effi-
cientmethodto encodehe coarsamnesh exploiting the new
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Fig. 3. Geometrycoding: PSNR(on semi-rgularmesh)vs Ratefor venusrabbitandhorseobjects.

path.Ourtopologycoderincludestwo steps:rreomanization
of vertex indicesinsidetrianglesandedgeencoding.First,
the indicesare renameddependingon the path and sorted
in eachtriangleby increasingralues(this permitsanunique
reconstructiorof the topology by the decoder). Then, we
introducearight triangularmatrix M to storetheLF edges:
MTi,i + j] representshe existenceof the edge(s, 7). The
algorithmis thefollowing:

1. Renamevertex indicesdependingon the set{I} obtained

in section3.1;

2. Sorttheindicesof LF trianglesby increasingvalues;

3. Reoganizethechildrentrianglesdependingnthetwo first
steps;

4. Fill thematrix M: M[i, s+ j] = 1 (2 for aboundaryedge)
if theedge(s, j) existsandO else;

5. Encodethevaluesof M with EBCOT.

4.2. Experimental results

Tablel shows the binary costto encodethe topologicalin-

formation. The bitrateintroducedby the proposednethod
is negligible comparedo the geometrycodingcost. More-
over, it will bededucedrom thetargetbitrate R to takein

accounthetopologyduringbit allocation(seefigure 1).

The efficiency of this codercomesfrom the low complex-
ity model-basedit allocation: bits are dispatchedacross
subbandsccordingto their variance. Moreover, a predic-
tive methodis usedto procesgheLF vertices.Thus,these
subbandganbe modeledandintroducedin the bit alloca-
tion processlt providesresultsslighly betterthanthe PGC
method[1]. Finally, our topology encodemermitsthe re-
constructiorof the objectwith avery low additionnalcost.

#LF Tri. | binarycost(b) | Bitrate (b/v)
Rabbit 210 1248 1.160E—?
Venus 388 2426 1.221E2
Horse 220 1272 1.129E—2

Table 1. Topology binary costfor differentobjects,with
respecto thenumberof verticesof semi-rggularmesh.

5. CONCLUSIONS

In this paperwe proposedinen compressioschemausing
model-basedjeometrycoding of 3D wavelet coeficients.
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