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Zusammenfassung

Mit den wachsenden Mdglichkeiten von Modellierungssofewand 3D Scannern ist
die Anzahl verfligbarer 3D Modelle stetig gewachsen. Aniamen von 3D Modellen sind
weltweit verbreitet und bilden heute eine der gréf3ten Ardvagen digitaler Medientech-
nologie. Um einen hohen Realitatsgrad zu erreichen, wekdarplexe und hochdetail-
lierte 3D Objekte verwendet - moglicherweise mit Millionesn Polygonen und Punkten
- fur lange Sequenzen. Die Ursprungsformate solch groReM8DBelle bendtigen viel
Speicherplatz und Bandbreite.

Das Problem des Speicherns und Ubertragens ist gut untefémstatische Meshes.
Hierflr gibt es eine grol3e Anzahl an erfolgreichen Kompoeswerfahren. Das Haupt-
ziel dieser Dissertation ist das Entwickeln neuer Verfahie die Komprimierung sta-
tischer und dynamischer 3D Modelle, welche durch Dreieeksnreprasentiert werden,
und neuer Segmentierungsverfahren, welche notwendigaietiziente Komprimieren
animierter 3D Modelle sind.

Die Arbeit gliedert sich in funf Teile. Der erste Teil beha&ttdDe nitionen, traditio-
nelle Kompressionsverfahren und Vorarbeiten auf dem GdbreKompression statischer
und dynamischer Meshes sowie ihrer Segmentierung.

Der zweite Teil stellt ein Verfahren fir statische Geoneetor. Es werden nicht die
drei Koordinaten eines Punktes kodiert, sondern seineetaiae und normale Kompo-
nenten. Neue Vorhersagetechniken werden eingefuhrtheelas Normalenkodieren ver-
bessern.

Der dritte Teil behandelt Segmentierungen von sich zeitierandernder Meshgeo-
metrie. Drei neue Verfahren werden hier vorgestellt: EigiBe Growing Verfahren, ein
statisches Clustering und ein adaptives Clustering. Diegeilen die dynamischen Mes-
hes in quasi-rigide Bereiche unter Verwendung einer lok@learakteristik.

Der vierte Teil stellt Verfahren fur sich zeitlich verandde Meshgeometrie mit kon-
stanter Konnektivitat vor.

Der erste Algorithmus ist eine fast verlustlose SingleeRé&mpression flr animierte
Meshes. Er verallgemeinert das vorgestellte VerfahrewigiiKodierung statischer Mes-
hgeometrie. Er zeigt, dass die lokalen Koordinatensysteimegroferes zeitliches und
raumliches Clustering-Verhalten aufweisen als das Weltioatensystem. Die Kombi-



nation beider Clustering-Verfahren fuhrt zu einer erheign Reduktion der Bitrate. Ver-
schiedene Prediktoren werden vorgestellt fir tangenKalmponenten und Normalen-
komponenten.

Der zweite neue Algorithmus ist eine auf der Relative-Leahcipal-Component-
Analysis (RLPCA) basierende Kompression. Er verbindetwtagestellte Clustern mit
LPCA, ausgefiuhrt im lokalen Koordinatensystem. Es wirdeggtz dass eine einfache Ab-
bildung der originalen Koordinaten in ein lokales Koorderagsystem jede Region quasi-
invariant Gber die Zeit und damit sehr gut komprimierbar RGA macht. Um den Algo-
rithmus weiter zu verbessern, wird eine Rate-Distortioti®ierung eingefuhrt.

Der dritte Kompressionsalgorithmus basiert auf predédivCodern und Discrete-
Cosinus-Transform-Codern (PDCT). Nach dem Clustern wiindpeediktives Kodieren
durchgefuhrtim lokalen Koordinatensystem jedes Clusteetches zu sehr kleinen Delta-
Vektoren fuhrt (prediktive Fehler). Die Delta-Vektorenngden dann in den Frequenzraum
transformiert mit DCT. Die resultierenden DCT Koef zientsind besser komprimierbar
als die Vektorkoordinaten. Die originale Mesh-Sequenznkegkonstruiert werden von
nur wenigen DCT Koef zienten, welche ungleich Null sind,m@hgrof3en Verlust an visu-
eller Qualitat.

Abschliel3end diskutiert der flnfte Teil die Ergebnisse stellt experimentelle Er-
gebnisse vor. Es wird gezeigt, dass die vorgestellten Negfaden Vergleich mit anderen
aktuellen Arbeiten standhalten.



Abstract

With the advancements and variety of sources to model 30ctsbgeich as scanning
technologies and modelling softwares, 3D models are betpmvidely available. An-
imation also attracted worldwide attention and has beconead the most successful
application of digital media technology. As a result, it iseabecoming easier to acquire
animated models. In order to achieve a higher degree osreatore complex and highly
detailed three-dimensional objects — possibly out of onlé of vertices and polygons —
are created with large sequences. When storing, downlgadinuploading these 3D se-
quences of objects in their standard forms over a networge ldata rows consume large
amounts of storage space and network bandwidth.

This problem of storage and transmission has been widetiiestifor static meshes
and wealth of successful compression schemes have beeyspbpl he main goal of this
thesis is to develop new powerful compression techniquesdioce storage requirements
and transmission times of static and dynamic 3D models septed by triangulated mesh
and introduce new and ef cient animation segmentation eaghes that are very useful
for different purposes, typically 3D dynamic mesh compiass

This work covers ve main parts. The rst part presents ddians, traditional data
compression techniques and reviews the existing techsiguéhe elds of static and
dynamic mesh compression and segmentation.

The second part introduces a new algorithm for static geyrdeta. Instead of encod-
ing the three coordinates of a vertex, its tangential andhabcomponents are encoded.
New advanced prediction techniques are proposed to impheveormal encoding.

The third part concerns segmentation of time varying mesimgéry. Three new
approaches have been developed: A region growing basedaagbpas well as static and
adaptive clustering based methods. These break down trerdgmmeshes into quasi-
rigid parts using local characteristic.

The fourth part presents successive contributions to tengnrg mesh geometry com-
pression where the connectivity remains constant over.time

The rst new algorithm is a single rate near-lossless corsgion for animated meshes.
It generalizes the proposed static mesh geometry codingholivs that the local spaces
exhibit higher temporal and spatial clustering behaviantthe world space, and the com-



bination of both clusterings yield signi cant reductionbit-rates. Different predictors are
proposed for tangential and normal components.

The second novel algorithm is a Relative Local Principal @onment Analysis (RLPCA)
based-compression. It combines the proposed clusteriig \WICA, performed in the lo-
cal space. We will show that simply mapping the original clioates into local space
makes each region quasi-invariant over time and well-cesgble by using PCA. To
further enhance this algorithm, a rate-distortion optatian is introduced.

The third compression algorithm is based on Predictive aisdrBte Cosine Trans-
form coders (PDCT). After, clustering process, predictioding is performed in the local
space of each cluster resulting in very small delta vectorsdiction errors). The delta
vectors are then transformed into the frequency domairgu3@T. The resulting DCT
coef cients are more compressible than the vector cootdsand the original sequence
of meshes can be reconstructed from only a few non-zero D@Tasents without sig-
ni cant loss in visual quality.

Finally, the fth part discusses and provides the experitabresults. We will show
that our methods are competitive when compared to the efétee-art techniques.
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CHAPTER 1

Introduction

Computer graphics is one of the most exciting sectors in eaenpgsciences. This
sector is growing rapidly, possibly more than any other esspecomputer technology and
increasedly incorporated in a various domains such astscigngineering and medical
applications, games, movies for special effects and aeithéins. In these applications,
the use of the computer graphics would not be possible witBBugeometric data or
more generally 3D objects. The shape of these objects carolelad through irregular
polygonal meshes, a set of faces connected with points. Tds common geometric
representation used by the designer either in the statit threl dynamic case, is triangle
meshes to suit the requirements of computer graphics vzstiain systems. There are
also other popular representations include parametriaces, point sampled surfaces,
implicit surfaces and voxel based representation.

Computer animation is one of the most highly regarded pdrt®mputer graphics.
It attracted worldwide attention and has become one of thet sweccessful applications
of digital media technology. Computer animation has rettohized the world of movies
and TV, and has built the computer games industry. It hasfalsad its way into many
other elds such as marketing, arts, sciences, scientistglization and ight simulation.

Animation allows the creation of more realistic and natw@nes, a more complete
comprehension of complex problems, the display of charsdteat never existed, and
access to places that are dif cult or impossible to treadothrer words, it transports the
users into another world where the impossible becomesigessi

Three dimensional animation simply gives life to static 3Beats, creating a se-



2 Introduction

guence of static meshes each of which represents one fraxday, lanimation technology
has also become more sophisticated and accessible. Morés\egpplications have be-
come more and more widespread and often demand animated @&lsv@md scenes with
a high degree of realism. As 3D animation becomes more tieadisd more complex, the
corresponding meshes become bigger and bigger, consunuregand more space. It is
therefore indispensable to compress 3D static and animd#tasets.

1.1 Problem Statement

With the advancements and variety of sources to generatel3@dobjects such as
scanning technologies and modelling softwares, 3D modeldeacoming widely avail-
able. In order to achieve a higher degree of realism, morgytmand highly detailed
3D objects possibly out of millions of vertices are creafBlde standard representation of
triangle meshes uses a list of oating point values to désctie vertex positions (geom-
etry), a list of integer values that specify the vertex irgi¢connectivity), and sometimes,
properties such as normals and textures coordinates wheckpgci ed in similar way.
When storing, downloading, or uploading these 3D objectheair standard forms over a
network, large data rows consume large amounts of storage smd network bandwidth.

This problem often arises in animation. Today, it is easi@dquire animated models.
In parallel, there is rapidly increase in the use of thesenated objects in many appli-
cations (particulary in computer generated movies, speffiects Ims, and computer
games). Finally, the models are becoming more realistierimre complex. To store an
animated objet, i.e. a sequence of meshes, one has to seoreest for each frame. As-
suming that the connectivity is constant over time and oelyrgetry information changes
over time, the representation of the geometry informatitihhe sequence will require
times the information of each frame, i.&, V 3 32 bits, whereF andV are the
number of frames and vertices, respectively. Each one dhtiee coordinates of a frame
is represented usirgp bits. For large sequences and detailed and high accuracglsjod
the uncompressed representation results in large lestware expensive to store or to
deliver over networks.

The problem of storage and transmission has been wideliestéat static meshes and
a wealth of successful compression schemes has been pdopdsevever, the current
static techniques for the compression of sequences of mestiependently are inef -
cient. Key-frameanimation is one of the most famous traditional and domiaamhation
representations used in the industry to represent the anmeompactly. A set of key
frames are chosen to describe certain important key posé® ianimation sequence at
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certain times. Then all frames in-between are generated) usierpolation techniques.
For such applications, even the number of key-frames camrbyelarge, requiring a large
memory space and effective compression techniques. Mamyitues have been pro-
posed and there is still room for better encodings of anichgemmetry.

The goal of this thesis is to develop new powerful compresschniques to reduce
storage requirements and transmission times of staticyamahaic 3D models represented
by triangulated meshes. This type of data is used in many atengraphics applications.

The segmentation of deforming triangular meshes is a nesarel area. It is rapidly
becoming important in many computer graphics applicatiolmsthe context of com-
pression, its is used to achieve better compression peafucen Typically, it reduces
the amount of time needed to handle or transform large datakecan also reduce the
amount of time needed to extract the coherent rigid partshvi@ads to a more compact
representation. This thesis introduces several new aragesit animation segmentation
approaches that can be useful not only for compression baoftfat different purposes.

Static meshes

Early work in this eld concentrated on nding ef cient andaimal connectivity cod-
ing schemes for static meshes. They encode the connedtifatynation rst then they
encode the geometry information in terms of traversal oused to encode the connec-
tivity. Later, the geometry-driven compression techngjemerged.

Most of the proposed paradigms to reduce the amount of vpdsitions use the fol-
lowing combination: prediction to exploit the high corrébe between the positions of
adjacent mesh vertices, quantization to reduce the ogbioigt to nite precision, and
entropy encoding to reduce the statistical redundanciefolw the same paradigm and
propose new approaches for the static vertex positionsn&wadea is to split the coding
into tangential and normal encodin8g 8]. For tangential encoding, we investigated the
current approached17, 25]. For the normal encoding, we introduced higher order pre-
dictors based on surface and sphere tting. In surface gtiwe examined two approaches
to t polygonal surfaces to a set of points using explicit amgblicit polynomial functions.

Dynamic meshes

During an animation, the vertex positions (geometry) cleafigm frame to frame.
Sometimes, the connectivity or the number of vertices alap change in time. Through-
out this dissertation, we assume that the sequence of mehess the same connectiv-
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ity and only the vertex positions change in time. The focusanimated meshes with
xed connectivity may be justi ed by the fact that often thaieation creators maintain
constant connectivity throughout the animation, in ordealtow for easy and ef cient
manipulation of the sequence. Thus, the connectivity oftlesh is rst de ned, then the
vertices are moved or deformed depending on the way the &oima generated.

Often the meshes differ only slightly between neighboriragrfes, leading to a large
redundancy between frames (temporal redundancy) and eetmeaghboring vertices in
the same frame (spatial redundancy). In order to developrgaot representation that
signi cantly reduces the storage space and transmissioa &f animated models, both
spatial and temporal coherence should be exploited. I @tbeds, the large amount of
inherent redundancy between frames should be eliminated.

This thesis introduces several compression approach@sioolossyor near-lossless
to lossyfor animated meshes of constant connectivity. For not l@ssypression, we
generalize the idea developed for static mesh compreskipt3]. The local coordinates
exhibit a high degree of clustering behavior not only in ghbat also in the temporal
domain. However, a simple predictive-based encoding dfi eamponent gives a better
bit rate. For lossy compression, two algorithms are intoediy The rst algorithm is
based on local Principal Component Analysis (PCA)10] and the second approach is
based on a predictive approach and Discrete Cosine Trang@CT) [12, 13]. Both of
these two techniques are combined with a clustering approac

The choice or the design of a compression scheme involvds-tytis along several
features. Two of these features are: the compressed leasilee compactness and the
amount of distortion introduced by the compression pracése better the quality, the
lower the compactness is.

Segmentation

3D Mesh segmentation is a process that partitions the mesheals that have the
same properties into regions. It has become a necessarintoomputer graphics and
geometric modelling and it is used for various applications

Recently, segmentation of deforming triangular mesheghased much interest and
it is used in several contexts in animation, typically, sking mesh animationb{], ray
tracingB7], and compressiorv[7, 38, 102 84).

While static mesh segmentation aims at detecting mearlipgius and breaks the
mesh into sub-meshes of similar features within a specimtert, 3D dynamic mesh seg-
mentation approaches exploit the temporal informationaxtifpon the mesh into quasi-



1.2 Overview of Thesis 5

rigid components.

Compared with the huge number of algorithms proposed fticsteeshes, segmenta-
tion is rarely used in the context of dynamic mesh compressimtext. Moreover, most
of the proposed methods are more suitable for skin meshesduiot ef cient to or are
even inapplicable for deforming triangular meshes thaehats of motion, particulary in
context of compression.

This thesis develops novel segmentation approaches,rinatdependent of how the
animation is generated and can be useful not only for corspmesut also for other
applications.

The objective of partitioning the deforming mesh into negid components is to de-
crease the computational costs as well as to preserve thalgloape of the mesh because
some compression algorithms such as DCT and PCA basedeccalindestroy important
features of the mesh when very few PCA components or very f@V Doef cients are
used to recover the original datasets. Thus, it leads to @ s@npact representation and
one can achieve high compression rates with high recongtnuguality. In PCA based
coding [7, 10], we want to transform the nonlinear behavior of verticea tmear fashion
by grouping the vertices of similar motion into sets. Thenoaa ef ciently perform the
PCA in each group. Thereby, few components can be encoddd thie global shape
is well preserved. In DCT based-coding that we combine Witghgredictive coding, the
segmentation allows an ef cient prediction through time aimereby, having vertices dis-
placements between two successive frames close to zere. atsar, the clustering will
preserve the global shape when DCT coding is performedié&iyain each cluster.

1.2 Overview of Thesis

This thesis describes new algorithms for static and anidndE: mesh compression,
yielding a signi cant reduction in bit-rates and introdsa@new, simple and ef cient ani-
mation segmentation method that is very useful for compzas3 hese contributions are
organized in the following chapters:

Chapter 2 presents some de nitions and a description of some genatalehcoding
schemes. These are often used in compression pipelinesrad atage. Then, it gives
a description of the geometric representation of 3D objaotsof animation — the input
data for our algorithms. These are followed by a review asdudision of the most im-
portant published works on static and animated 3D objects.
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Chapter 3 describes a novel, near lossless geometry compressidmiiee 36, 8].
The new geometry encoding strategy follows the predictbgiregy paradigm, and is based
on a region growing encoding order. Only the coordinateshefdorrection vectors are
encoded in a local coordinate system. The vertex coordiraie expressed in term of
tangential and normal components. For the tangential coents encoding, we investi-
gated the parallelogram or multi-way prediction. For anrowed encoding of the normal
component, we introduce the so-called higher order priedicA higher order surface is
t to the so far encoded geometry. Here, two approaches arelojged to t polygonal
surfaces to a set of points. In the rst approach, we t thegré(x;y) of a polynomial
function de ned over the tangential coordinateandy. In the second approach, we ta
polynomial implicit functiong(x; y; z) such that the zero set represents the surface. This
has the advantage that there is no need for guessing thentalgpace. As the normal
component is encoded as a bending angle, it is found by edeng the higher order
surface with the circle de ned by the tangential componemtsovercome the high com-
putational time involved in the gathering and weight ttipgocesses, we develop a faster
predictor based on sphere tting.

Chapter 4 introduces motion-based segmentation for animated md3héas, 14].
The main idea is to decompose the 3D object into sub-meshg®ops of vertices with
similar motions, then compress each group separately., Herpresent three approaches:
region growing, clustering, and adaptive clustering baggatoaches. These algorithms
can be applied to different kinds of animated meshes (aritnimation) whose connec-
tivity and number of vertices are constant over time. Moegpwe do not need informa-
tion about how the motion is generated. These approachebecgaary useful for other
applications.

Chapter 5 introduces single-rate near lossless compression foraaammeshes of
xed connectivity based on a simple predictive techniqug [L5]. The algorithm can be
seen as a generalization of static mesh compression peelsenthapteB. The connec-
tivity is encoded once, then the geometry (vertex loca)i@encoded by a connectivity
traversal of the mesh. Connectivity determines the ordéreo¥ertices and provides infor-
mation for predictions. We are going to show that splitting toordinate into parametric
and geometric information in animation, is a very ef cienayvwof developing simple pre-
dictive coding. Indeed, the local spaces exhibit higherperal and spatial clustering
behavior than the world space, and the combination of batstetings should yield sig-
ni cant reduction in bit-rates. We also going to involvefeifent predictors for tangential
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and normal components: time-only, space-only and spaceredictors.

Chapter 6 presents a novel Relative Local Principal Component Anal{RLPCA)
based-compression scheme for dynamic meshe$(. We use Principal Component
Analysis (PCA) to represent the original data by very few poments and coef cients.
Generally, the behavior of the vertices is often non-linad dif cult to extract by a
simple global PCA. Therefore, we perform PCA locally. Weleci the mesh vertices
into groups of similar motion using a region growing baskgbathm or motion based-
clustering (Chapte#), and thus transform the original vertex coordinates iht |bcal
coordinate frame of their cluster or segment. This opendeads to a strong clustering
behavior of vertices and makes each region invariant to afgrohation over time. The
local vertex coordinates are then transformed into andthsis which allows for very
ef cient compression.

To improve the PCA-based compression, we introduce a ratertdon optimization
that trades off between rate and the quality of the recoagduanimations. Thus, the
appropriate number of basis vectors to recover the origiath of each group with a
certain accuracy is optimally selected using a bit allarapirocess.

To the best of our knowledge, performing a PCA on the locatdinate system rather
than the world coordinates and performing rate distortiptinoization has never been
performed before.

Chapter 7 combines predictive and spectral techniquEs [L3]. The compression
algorithm does not need the connectivity information antbiigs to the cluster based
prediction approach. The animated mesh is segmented imosalrigid clusters. Then
the predictive and DCT coding is performed in each clustamé after frame.

Note that the clustering in this approach is used in the ptedi phase. We want
to have the displacements between two successive fram&s tdaero, thereby the ef -
ciency of the prediction over time increases. Moreover,diostering will preserve the
global shape when DCT coding is performed in each cluster.

Chapter 8 discusses and evaluates different parameters that atiegbression per-
formance, presents the experimental results of the propapproaches and compares
them with the current one.

Chapter 9 concludes this dissertation with a summary of contribigiand future re-
search directions.
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The work described in this thesis has been published inrditeconferences and
journals B6, 7, 10, 13, 11, 15, 14] as well as technical report8,[9, 7, 14).

1.3 Contributions of Thesis
The main contributions of this thesis are summarized asval!

A Higher order prediction for static mesh compression basesurface tting and
sphere tting [36)].

Single rate near lossless compression of animated gearmékeyapproach is vertex
based-predictive codind.l, 15]

Motion based segmentation methods for animated meshe®nrggpwing based
approach, static and adaptive clusteridgllo, 14].

A novel relative local principal component analysis basehjgression scheme for
dynamic meshes/[ 10].

A new rate distortion optimization for PCA based-codidg|[

Predictive-DCT based compression scheme for dynamic reg$Rel 3]



CHAPTER 2

Background

In order to explain and understand the new techniques ddtailthe next chapters,
it is necessary to go through the main approaches in thatiter of static and animated
mesh compression and mesh segmentation. This chapterisiped as follows. The rst
section provides a background on compression. Se&idpresents general encoding
schemes such as Huffman coding and arithmetic coding whilféen used by a com-
pression pipeline as nal stage. Secti@r8 describes geometric representations of 3D
objects and animations. Secti@m covers the most important published works on static
meshes and animated meshes. Sedli@2presents some segmentation algorithms de-
veloped for static meshes and dynamic meshes.

2.1 Compression

Compression is the conversion of one representation ofiddanother representa-
tion with smaller size. The data reduction results from tliaation of redundancy of
the information while preserving content. Data comes inrgdaariety of forms includ-
ing written text, speech, 2D stillimages, video, 3D grapibiects and 3D graphic scenes.
Beside compression, there is a decompression process ojechtes on the compressed
representation in order to reconstruct the original data.
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Why do we need compression?

With the advances of computer technology, millions of cotepusers increasingly
produce and consume a lot of data such as text documentsg,migeos or graphical
data. Day by day a lot of them need to communicate via thergtesr other networks
exchanging documents while other users use complex s@&twals like video editors or
video games that need or produce a tremendous amount of Idaddition, all people
want to do their job easier and faster. With the increasirtg dize, ef cient storage sys-
tems or transmission techniques are necessary. Consguentpression technologies
are required to optimize the amount of memory required teesdata and to minimize the
required bandwidth of network transmissions.

Compression becomes a part of daily life for millions of peofDigital TV or fast
communication via internet would not be possible withoyptssticated compression
technologies.

The choice or the design of a compression scheme involvds-tytis along several
features. Two of these features are the compressed le seze the compactness of
compressed data) and the amount of distortion introducetthdyompression process.
Often, the better the quality is the lower the compactnessBasically, compression
technigues can be divided into two broad categories depgrah whether the original
data can be exactly recovered or not, nanhebgless compressi@ndlossy compression

2.1.1 Lossless Compression

A lossless compression scheme is a scheme that allows tiralriata to be recon-
structed from compressed data without any loss. Losslasp@ssion is necessary for
sensitive or very important data when the decompresseaattbe identical to the orig-
inal data. Typical data types for lossless compressioreatedxecutable code or medical
images. Typical compression schemes are run-length emgodictionary coders (like
LZ77 [13Q or LZW [127)), and entropy coding such as Huffman coding and arithmetic
coding.

2.1.2 Lossy Compression

A lossy compression scheme is a scheme that sacri ces aarsorder to achieve
high compression ratios. The original data can be recowsrddsome loss of delity.
Therefore, a lossy compression scheme often archives haginepression ratios than a
lossless compression scheme without greater degradakioe.compression ratio is in-
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versely proportional to degree of quality. Usually, apgiions can use lossy compression
schemes if the loss of precision is not perceivable or sigamt such as video applica-

tions, still image editing or audio. Typical lossy compiesgechniques are MP3, JPEG,

Fractal compression and MPEG.

2.2 General Compression Techniques

Various Compression techniques are designed dependingeotype of data to be
compressed. As mentioned before, these techniques adedivito two classes. Lossless
compression schemes which aegersibleand lossy Compression schemes which accept
some loss of data. Note that there are also approaches timdire® both lossless and
lossy compression which are categorized under lossy aatego

Many applications require the decoding process to be ablettn real time like video
applications. In contrast, the encoding process is ofténetired to run in real time and
can thus be more computational expensive than the decoddeg$s. But note that this is
not always the case as e.g. for speech compression. In@dditie decoding or encoding
process must often be implemented with an integrated ¢twhich has to be considered
during the design phase.

This section reviews some lossless techniques that areriampdor many compres-
sion techniques (e.g. for compression of mesh geometrye ridxt sectior2.4 will
present some lossy compression techniques that are rédetteel work of this thesis.

Most information to be encoded is a sequence of symbols whi contain a large
redundancy. Entropy encoding reduces the quantity of déteout loss of information
based on a probability distribution of symbols. It assigndes to symbols such that the
code length matches the probabilities of symbols.

Let A = ay;:::; & be an alphabet witk different symbols. Each symbol has a prob-
ability P (&) assigned to it. The amount of information for a single syndak given
by:

(&) = |092% 2.1)

So, the higher the probability of a symbol is, the lower isrifermation value. In contrast,
the lower the probability of a symbol is, the higher is itsamhation value.

Now, given a sequencsg of symbols, i.e. a string of symbols, its entrodycan be
calculated as X

1
= ) _ .
H(S) . P(a.)ogzp(ai) (2.2)

The entropy is a measure for the average number of bits neededcode strings of
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symbols of the alphab&t with the given probabilitie$ (). Although there can be a
string which can be encoded with a bit rate lower tlirinthe average number of bits
for all possible strings cannot drop beld¥ In that meaning, the informatidr(a;) of a
single symbol is a measure for the number of bits needed bynamai code to encode
this symbol.

The most popular type of entropy encoding are: arithmetickdmfman coding. They
are lossless and do not offer a good compression ratio byigplamportant role in a very
large number of compression techniques for text, audio, @@vegtric objects, standards
such as JPEG and MPEG. They are often used in a nal stage tieefuenhance the
compression ratio.

There are also other lossless algorithms such as Run-lengtiding (RLE), Lempel-
Ziv-Welch (LZW) or Golomb coding which will not be discussadthis thesis and we
refer the reader tdl03. We only want to discuss brie y the two techniques aboveiclih
are used by a post-processing step in current mesh compresdgorithms, and by our
approaches presented in the next subsequent chapters.

2.2.1 Huffman Coding

This technique was developed by David Huffman in 1984).[ The algorithm uses
a variable length code to encode each symbol. The symbolerm@ded with lengths
that are inversely proportional to the frequencies of thalsyis. For example, the sym-
bols that occur more frequently (have a higher probabilitggpearance), have a shorter
code length (are encoded with fewer bits) than the symbaisdbcur less frequently.
To generate the code, a binary tree is created with the syaidhe leaves. The code
is then de ned by the path from the root of the tree to each. ldaéch symbol is as-
signed O, if the left child is traversed andl' if the right child is traversed. Now, let's
see how the tree is designed. Given an alph&bet a;; a,; as; a4; as having probabil-
itiesP = 0:2;0:25;0:05; 0:35,0:15 (see table2.1). To generate the Huffman code, rst
the symbols are sorted in a descending probability oagdes,; a;; as; az (see table2.2),
where each symba@, forms a leaf in the rst queue as described2ri. Then, the two
symbols with lowest probabilities are merged producingnglsi node having a probabil-
ity equal to the sum of their probabilities. The new nodeested as symbol and inserted
into the queue. The nodes are again sorted and the same aplglisd to generate a new
parent node for the two symbols with the lowest probabditi&his process is repeated
till all nodes are merged and only one is left. The resultingffdan tree is illustrated in
gure 2.1

To obtain the code of each symbol, the tree is read backwatdgijng at the root
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Table 2.1 Symbols with their corresponding probabilities
Symbols Probabilities

= 0:20
a 0:25
az 0:.05
ay 0:35
as 0:15

Table 2.2 Symbols with their corresponding probabilities in deséegarder
Symbols Probabilities

ay 0:35
a 0:25
a 0:20
as 0:15
a3 0:05

and going to each leaf node, recordi@yif the left branch is crossed and"if the right
branch is crossed. The codewords of the sequence of syrahals az; a4; as are then
10,01 111 00, 110(see table.3).

The Huffman coding is near optimal in the sense of having armum code length
for the set of symbols. It is pre x code which means that thedecof each symbol cannot
be a pre x or start of the code of another symbol. And it pr@dé fast decoding process.
According to GallagherdQ] the average code length that Huffman coding can achieve
is bounded by the entropy and by the entropy s + 0:086

H(S) Iy H(S)+ Pmax +0:086 (2.3)

Therebypnax is the largest probability in the set of symbols probalati

If the alphabet size is large, the probabilities are not gvandonax 1S small. Thus,
Huffman coding achieves a rate close to the entropy. If tpaaet is small, the prob-
abilities of different symbols are skewen,.x can be quite large and the amount of the
deviation from the entropy is large. Thus, Huffman codingdrees inef cient. The cod-
ing becomes quite good if the size of alphabet is increasegtdyping several symbols
together and generating a single codeword for each groupaidf generating a code-
word for each symbol. Suppose that the size of the alphalde tncoded i& and the
size of each group im then the total number of all possible groups of sizds k™.
However, the total number of codewordis. If the sequence of symbols to be encoded
is large, then Huffman tree will grow exponentially, cawgsincrease in time consuming
procedure and memory usage. In this case, Huffman codingt iva appropriate coding
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Figure 2.1 A Huffman tree

Table 2.3 Huffman codes
Symbol Probability Binary Code

a 0:35 00
a 0:25 01
a; 0:20 10
as 0:15 110
az 0:05 111

(impractical). Arithmetic coding which will be discussetthe next section overcomes
this problem. Arithmetic coding encodes the whole sequehsgmbols as a block rather
than encoding several blocks and can get the coding rateclesg to the entropy bound,
even for short alphabets or highly skewed symbols's prdibesi.

Adaptive Huffman Coding Huffman coding requires a priori knowledge of the proba-
bilities of the symbols. It is then a two pass process: one pamputes the probability
of each symbol and constructs the Huffman tree and transha@tsee, and a second pass
encodes and transfers the data. In other words, the tabée stoalild be sent to the re-
ceiver with the encoded stream in order to decompress tlze d&ie size of the coding
table therefore becomes large when data size increasegolar in practice, the proba-
bilities are not always known a priori and may change oveetiin such cases, a method
that compresses data in one pass is need. Therefore, afvaddpifman coding is used
that allows to build adaptively the Huffman code dependingh® sequence of symbols.
So, the Huffman code can change if new symbols are consuntedoriginal algorithm
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Table 2.4 arithmetic codes
Symbol Probability Cumulative probability Sub-Interval

a, 04 04 [G0; C4)
a 0:1 a5 [0:4; O5)
as 0:2 a7 [05;0:7)
a 0:3 10 [G7;10)

has been developed by Fall&9] and Gallagher30] and has later been improved by
Knuth [68] and Vitter [L20. The main idea is to start coding with an empty Huffman tree,
then update the symbol account and the tree as being readamulessed/decompressed.
Both the encoding and decoding start with the same tree auwlifyribin the same way.
Thus, both processes are synchronized.

2.2.2 Arithmetic Coding

Unlike Huffman coding which assigns a code word to each syrabd uses an in-
teger number of bits (at least one bit to encode each symdrthmetic coding encodes
the entire sequence to a rational number in [0,1). All prdiiggs of the symbols fall
into the range [0,1). The algorithm starts with the unit &t [0,1), and transforms the
possibilities into subintervals. As each symbol is proedsthe algorithm divides the cur-
rent interval into subintervals, each subinterval repnesa certain symbol, and its size
depends on the symbol probability. Then, the subintervapltotessed symbol is selected
to be the new currently interval. For example, let us supplaewe have an alphabet
A = a;; ap; ag; a4 with probabilitiesP = 0:4;0:1; 0:2; 0:3 as shown in table.4.

We de ne the cumulative densitgdf) function as
Xi
Fi)=  P(a)
k=1

P (ax) is the probability of the the symbalk. The cumulative probabilities are then
given in table2.4 (columng3). Thecdf is used to divide the unit interval [0,1) into subin-
tervals of the fornjF (i 1); F(i)) (column4), each symbol has it own subinterval, where
the minimum value o€fd is zero and the maximum value is one.

Let us for example encode the sequelagga,; as;a;,. The rst symbol to be en-
coded isa;, the corresponding subintervil:0; 0:4) is selected to be the new current
interval. This interval is divided similarly as the intehj&,1) yielding the following
subintervals:[0:0; 0:16); [0:16; 020); [0:20; 028); [0:28; 040) corresponding to the sym-
bols a;; a,; az; a4. The next symbol to encode &. The corresponding subinterval
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Figure 2.2 Arithmetic coding process

is [0:16;020). We divide this interval in similar way as before producingansubin-
tervals: [0:160;Q176), [0:176; 0180); [0:180; 0188), [0:188; 0200). To encode the next
read symbohgz, the intervall0:180; 0188)is partitioned further to giv§d:1800; 01832)
[0:1832;01840) [0:1840; 01856) [0:1856; 01880) This process of subdivision for the
input sequencey; ay; as; 84 is graphically illustrated in Figur@.2 The nal interval
which assigned to last symbdg is nally [0:1856; 01880)

To encode the sequence of symbajs,aza,, an unique identi er or the tag should
be generated. This tag can be any number in the nal intef@al§56; 01880). On can
choose for example the lower limit of the interval or midgasn upper and lower limits
of the interval. In our example one can cho@sE868as our identi er for the sequence.
Notice that the tag appear in the subinterval of each symbols

In arithmetic coding, the decoding process is similar toegheoding process. To re-
construct the sequence, we need to know two informatiorprbieabilities of the symbols
and the tag. First, we calculate tbdf for the symbols in the same way as in encoding
process. We will get the same values of the cumulative piidbeb and subintervals
shown in table2.4. Then, we check in which subintervals the tag belongs. Tdedsides
in the subinterval0:0; 0:4) which is assigned to the symbaj. Thus the rst decoded
symbol isa;. Next, the subinterval becomes the current interval, itivédéd into the
same subintervals as in gur22 The tag is now reside in the subintery@ll6; 020)
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corresponding to the symbaj. The process continues till all symbols are decoded.

Arithmetic coding is more ef cient and can get the codingeraery closer to the en-
tropy bound than Huffman coding but it runs more slowly, gartary for real time data
processing since it encodes the sequence of symbols oneeby Tdrerefore, adaptive
arithmetic coding which exploits the same idea as adaptiviénthin, is used.

Adaptive Arithmetic Coding Adaptive arithmetic coding reduces the two pass to two to
one pass process, where the probabilities of symbols arategpdepending on data pro-
cessed. Thus, eventually, the coding initializes the doditadistributions of one or more
of symbols to some prede ned values, suchlasThen the cumulative distributions are
updated after each symbol is encoded. Adaptive coding canrbputationally expensive
and complex because of the updating process of the cumaildistributions. To reduce
this complexity, different approaches of updating pro@sdeveloped (se89)).

Note that arithmetic Coding is used in many compressiordstats such as H.264 and
JPEG2000.

2.3 3D Data Representation

Text, audio, image, video, etc. are examples of data thapaten users almost daily
use and need to compress either for storage or transmisBns thesis is being carried
out to develop new compression techniques for static andrdin3D models represented
by triangle meshes, a type of data used in many computer igsagpplications.

2.3.1 Static 3D Object

Today, we nd 3D objects in many areas such as industrialalization, medicine
applications, video games, movies etc. These objects cepbesented in different ways
such as boundary representation, parametric surfaces,qaonpled surface, implicit sur-
faces or voxel based representations. The most prevajamsentation of an object and
the one which will be the input of our all algorithms is the bdary representation. The
most common geometric representation for boundary 3D gaaabjects is the irregu-
lar polygonal meshes which consist of a ¥etf vertices, a seE of edges and a sé&t of
faces. A vertex represents a node or point. An edge is a Btring that connects two a
pair of vertices. A face consists of a set of connected edgesmnd) a triangle, a quad or
some higher degree face. Triangle meshes are widely usegresent three-dimensional
objects or scenes. One reason for this widespread use df/g@sof polygons is due to
the current graphics hardware which ef ciently supportartgles for realtime rendering
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Figure 2.3 A mesh example: Cow modeR904 vertices, 5804 triangles). Top left: shaded
display. Top right: wireframe. Bottom: triangle mesh reganetation (vertex and face arrays

of objects at different complexity. Moreover, all otherrws of polygons are typically
converted into triangles by the graphics hardware befardeeng. Figure2.3 shows an
example of a 3D mesh.

Basically, triangle meshes consist of tp@ometrydata andconnectivitydata.

Mesh Geometry

Mesh geometry is represented by an avagf vertex positions in 3D space, i.e. each
vertex position is de ned by its coordinates (X, y, z) sped by oating point numbers
(see gure2.3).
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Figure 2.4 Sample frames of cow sequence (top) and the standard messeafation (bottom)

Mesh Connectivity

The mesh connectivity is represented by an aFajgometimes noted ) of indexed
triangles, describing how the vertices are connected. Eautyglef; is de ned by three
indices that point into vertex list, as illustrated in gu2e3.

Mesh Formats

Many different 3D formats have emerged to import and exgwtrheshes such as:
OBJ, WRL, PLY or DXF. The use of the format may differ from application to applica
tion depending on its content that requires different spation.
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2.3.2 Dynamic 3D Object

Animation gives life to static 3D objects. It attracted apsiging amount of attention
from marketing, arts, sciences, television and partigutathe computer games industry,
and special effects in movies. In animations, we have toitakeaccount that the object
may change over time. To model the animation different aggnes can be used. Gener-
ally, the animation can be either generated using motiotuciag systems or simulated
by sophisticated software tools like Maya and Max 3D. Theutaprepresentation of
these animated objects is a triangle mesh to suit the regaires of computer graphics
visualization systems. A dynamic 3D object is then a seqei@ianeshes, each mesh
represents one frame, which we call also mesh frame.

During an animation, the vertex positions (geometry) cleafigm frame to frame,
eventually, the connectivity or the number of vertices a&y change in time. Through-
out this dissertation, we assume that the sequence of mglsaesthe same connectivity
and only the vertex positions change over time, becausg ofem the number of vertices
and the connectivity of the mesh is rst de ned, then the ie&$ are moved or deformed
depending on the way of generating the animation. FiQueshows sample frames of
the cow sequence.

In 3D animation, various formats are provided suctvi#sx , MDL , MS3D or FBX.

2.4 Prior Mesh Compression Techniques

With the advancements and variety of sources to model 30ctsbgeich as scanning
technologies and modelling softwares, 3D models are bewpmidely available. In or-
der to achieve a higher degree of realism, more complex agtdyhdetailed 3D objects
possibly out of millions of vertices are created. As seerayrevious section the stan-
dard representation of the triangle meshes uses a list dinggoints to describe the
vertex positions and a list of integer values that speciénértex indices and, eventually,
a list of oating proprieties attached to the mesh (hormadgiures, etc).

The storage cost of uncompressed mesh geometry informaftibn 3 32, whereV
is the number of mesh vertice3 are the three coordinates of each vertéx ¥ andZ)
and32is the number of bits required to store the oating point wabf each coordinate.
The cost of the uncompressed mesh connectivifly is3 32, whereT is the number
of triangles and is the three vertex indices (per triangle) a3@lis the number of bits
required to store these three integer indices.

When storing and downloading or uploading these 3D objeats wetworks, in their
standard form, the large raw data sets will consume a largriatrof storage space and
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Figure 2.5 Intermediate stage during the reconstruction of mesh wsgiggle rate scheme(top)
and a progressive scheme (bottom). (Figure taken f&n [

network bandwidth.

This problem heavily arises in the animation case. Tod&gdbmes easier to acquire
animated models. In parallel, there is unceasing incraasieel use of these models in
many applications (particulary in computer generated mgvtomputer games). More-
over, the animation technology is becoming more sophtstitand allowing to make
animation more realistic but more complex. To store a secpi@h meshes, one has to
store one mesh for each frame. Assuming that the conngasviionstant over time and
only the geometry information changes over a time, the sg&tion of the geometry
information of the sequence will requiFetimes the geometric information of each frame
.e.F V 3 32bits, where is the number of frames. For large sequences and detailed
and high accuracy models, the uncompressed representasigis in large le expensive
to store or to deliver over networks.

Different approaches have been developed to reduce thefsihe polygonal mesh
and time of transmission. These techniques can be classitedingle-rate encoderand
progressive encodefsee gure2.5illustrates).

Single-rate encodergncode the original mesh as whole and once. These schemes
are dedicated to reduce bandwidth between rendering pgahd local memory. Most
of these schemes use a xed mesh traversal strategy to eticed®nnectivity, then the
geometry is driven. Connectivity encoding is often base@ @et of rules that describe
a particular traversal order of mesh based on vertices,sedgériangles. Typical, in
triangle based traversal, for each new traversed triamge, symbol is generated and
entropy encoded.
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Geometry coding is often guided by traversal order used tod® the connectivity.
For each new encountered vertex, its 3D coordinates arecpgddrom the already tra-
versed vertices and the differences between the origindiltlae predicted locations is
encoded. The difference is callegsidualor delta vectoror prediction erroror some-
timesoffset The residual can be encoded in different ways. Most siregeecompression
schemes quantize the residuals into a uniform integer gddbé&en the user has to specify
the number of bits that de ne the grid resolution. For furthempression the resulting
integer residuals are entropy encoded.

Progressive encodersst create a simpli ed version of the original full resolioin
mesh using simpli cations operations (such as vertex elation, edge collapse). The
coarsest version of the mesh is then encoded -using a satglesmpression techniques-
with a sequence of reversed simpli cation operations: #gnaeement operations (vertex
insertion,vertex split). Each operation speci es how td adges and vertices to the mesh
of currentlevel of detaild4o obtain a new level. After transmission, the base meshst r
decoded and reconstructed, then gradually re ned as tls&rdstm is being received and
decoded.

The advantage of progressive compression is that it allowse a rst approximation
of the original modelery quickly the quality of the model gradually is improved and the
transmission can be stopped at any resolution desired hystre

Single-rate techniques can also be categorized into Essled lossy techniques de-
pending on whether the decompression process recoversyetkecoriginal mesh (loss-
less) or only an approximation (lossy). The remeshing amgkication are always lossy.

In recent years, the compression of animated meshes hasigairincreasing interest
and many technigues have been developed for dynamic mekbesstant connectivity.
This topic is a relatively young research area and stileats much interest. There are
still many open problems to be addressed for further reBeaarch as the compression of
animated meshes of variable number of vertices and distomieasurement of animation
sequences.

As in the static case, 3D animation compression schemeslsarba categorized
into single-rate and progressive compression, taking cotasideration the spatial and
temporal coherence.

The next sections review the most important compressionoagpes developed for
static and animated meshes. For more details on static amchid mesh compression
techniques, we refer the reader 876, 94, 83).
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2.4.1 Static Mesh Compression

The base of the mesh compression has been laid by Deerk§pt His goal was to
reduce the amount of information, which has to be sent to thphics accelerator, and
was constraint to a simple decompression algorithm thabeasupported in a hardware
implementation. This algorithm was the rst step to devedopgle-rate compression for
triangle mesh. Afterwards, mesh compression has underggie developments.

2.4.1.1 Single-Rate Encoders

Most of the mesh compression techniques encode two meshoranis separately,
the connectivity and the geometry information. The earlykaoncentrated on nding
an ef cient and optimal connectivity coding scheme. Howeteey encode the connec-
tivity information rst before they encode the geometryonfnation in terms of traversal
order which is used to encode the connectivity. These appesaare called connectiv-
ity driven compression schemes. In contrast, the geontiiven compression techniques
have emerged. These approaches encode the geometry mghheonnectivity is driven.

The number of contributions to static geometry compresgsorery low compared
with the large number of published work on connectivity coegsion. In contrast, in the
animation case, most contributions are in animated gegmetsh compression.

2.4.1.1.1 Connectivity Coding Typically, the mesh connectivity is described by a list
of faces, each face represented by three vertex indicdse Humber of vertices ¢ then
the number of faces is approximated 2y, requiring aboutdog,(n)en bits of storage
[42]. If a vertex is shared by six triangles and for each triarigtee vertices should be
transmitted then the transmission of each vertex becomensxe. Indeed, in average,
each vertex should be transmitted six times.

Triangle Strip based Techniques

In graphics API such as OpenGL or Direct3D, the triangle asgranged istripsfor
compact representation and ef cient rendering of 3D potyganeshes. Triangle strips
use a buffer of two vertices and allow to reduce the numbemoés to transmit each
vertex. Since two consecutive triangles share one edgenimer a new triangle, only
one new vertex is needed and added to the two vertices of iedjwertex. Thus , for
each triangle only one vertex is transmitted. Fig2u@(a) shows an example of a triangle
strip. Atriangle fanis another structure in computer graphics that reduceaggmpace
and processing time. As shown 26 (b), all adjacent triangles share the same vertex.
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Figure 2.6 Example of triangle strip and triangle fan.

Generalized triangle strip
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Figure 2.7 Example of generalized triangle strip

A more general structure is tlgeneralized triangle stripvhich is a mixture of triangle
strips and triangle fans.

To further reduce the cost of the connectivity informati@eering R8] proposed
the generalized triangle meshvell-suited for hardware implementation. He suggested
in his pioneering algorithm to use generalized trianglgstwith an on-line buffer in
the graphics pipeline where sixteen vertices can be stofedender each triangle one
vertex is speci ed either from the stack buffer or a new veiitepicked out and pushed
onto the stack replacing an existing vertex and referencdte future if it is needed.
Figure2.7 shows a generalized triangle strip and a generalized teangsh. ChowZ3]
further improved this approach. He introduced local andalaneshing algorithms to
decompose an arbitrary triangulated meshes into genedatingle meshes.

Turan [L18 proposed to encode planar graphs in constant number opéitsertex
using a spanning tree. Taubin and Rossigrid&extended Turan's work and developed
the topological surgerymethod. They rst cut the mesh throughvartex spanning tree
producing a connected triangulated surface without irlerartices whose dual graphic
is triangle spanning tree Then, they encoded the triangle and vertex-spanning &ge s
arately. The Topological Surgery scheme has been inclutdtedhe three dimensional
Mesh Coding (3DMC) algorithm in MPEG-4, the ISO/IEC startideveloped by MPEG
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Figure 2.8 Face based coding:Edgebreaker yields the sequence of syMiiRCRRCRR...
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(Moving Picture Experts Group), charged with the develophté video and audio en-
coding standards.

Growing Region based Techniques

Alternative approaches to triangle strip and spanningliesed techniques aregion
growingmethods. The basic idea is to start with single triangle tirew the region over
the mesh and continuously encode the new adjacent triandle@ges, producing a se-
quence of symbols or labels that describe the connectinftyrination. This sequence
is entropy encoded. The region growing techniques can lssiaa into three classes:
face-basegedge-base@ndvertex-baseddepending on the mesh elements based traver-
sal.

Face-based method$he Cut Border Machine (CBM) of Gumhold and Stral35] [and
Edgebreaker of Rossigna@f] are two examples of face-based methods. Both methods
are quite similar. They perform either depth- rst travérsaler or breadth- rst traversal
order. The encoding process starts with mesh border or @maayttriangle then grows
the region over the mesh. This region is bounded by a bordedgés which enclose
the inner region containing the set of triangles alreadg@ssed and the outer region of
triangles which have to be processed. This border is catleccut border. At least one
edge in the cut border is incident to one triangle in the imagion and the other incident
triangle that have to be added to the growing region. Thigeslgalled gate. The coding
starts with the initial triangle as inner region, and onetstiree edges is selected to be
the active gate. Then in each step, the inner region growsidymnprocessed adjacent
incident to the active gate. The triangle is encoded by $pagia label that de nes the
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way in which the new triangle is located relative to the gatgesand the inner part and
it is called cut border operation. The label is assigned & cthek triangle is inserted into
inner part and marked as visited, the cut border is updateti aanew gate is selected.
The process of iteration stops when all triangles in the naestprocessed. Note that all
vertices contained in the cut border are buffered to avoisetad the vertex more than
once.

To de ne how the new triangle is incorporated into regionwgirey, Edgebreaker uses
the ve labels C, R, L, S and E, each label corresponds to orgabion. CBM uses
additionaloffsetassociated with the split operation or label S.

Both techniques reconstruct the connectivity using theesiaversal used during the
encoding process. The decoding in the Cut border machimades fast and well-suited
for hardware implementation. The Edgebreaker decoding adeok-ahead procedure
during split operation (S) and exhibits a non-linear timenptexity. Therefore, two de-
coding schemes aflers Wrap&Zip [98] and Spiral Reversig2], have been proposed to
improve the worst case time complexity frad{n?) to O(n). The Wrap&Zip needs mul-
tiple traversals during the encoding and decoding processaéshes with handles and/or
boundary. The Spiral Reversi performs only a single traleasd reconstructs the mesh
in reverse order as well in linear time.

Edge-based method# contract to the face-based methods which encode triantjle
edge-based schemes encode edges. Indeed each edge ischesigabel. Face Fixer

of Isenburg and Snoeyink]] is an example of edge-based method, inspired by the face
based Edgebreaker method and it is developed for polygoesihes.

The encoding process (in Triangle Fixer), rst de nes aniaetoundary. One of
its edges is selected to be active gate. In each iteratioadtiee gate is labeled with
either T, R, L, S, E, H, or M depending on its adjacency refatmthe boundary. Then
this boundary is updated and new active gate is selected. s&tpgence of labels are
compressed using order-3 adaptive arithmetic cotizg[

In opposite to the Edgebreaker and CBM schemes which usathe saversal order
during compression and decompression, the Fixer Face ggesé¢he label sequence in
reversed order to reconstruct the connectivity of triamgéshes.

Vertex-based method$ese techniques are also called vertex degree-based lendera
based. They encode the connectivity information as a stadarartex valences in spec-
i ed order. The valence or the degree of a vertex is the nunatb@onnected edges to
it.
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Figure 2.9 Vertex based coding: TG coder yield6657566..

The methodTriangle Mesh Compressiasf Touma and Gotsmarll7 (TG) is one
of these schemes that encodes the vertex degrees in spyalfwa encoding process
starts with an initial triangle, constructs an initial cudrer with its three edges and an
active list with its three vertices. One of these verticeshissen to be a focus vertex.
The region grows by conquering the free edges -untravedgeise incident on the focus
vertex in counter-clockwise order, pushing the free vegidown into the active list and
recording their valence. The free vertex is the one conddct¢he focus vertex by the
free edge. When all free edges (connected to focus verter)leen processed the focus
is conquered and the focus is moved to the next vertex in theeddst. The process
continues until all vertices are full, i.e. all edges aregessed.

During the conquest procedure, special cases may ariseasddh cases additional
code are needed. Indeed, it can happen that the free edgefottrs vertex is connected
to another vertex in the active list, in such case the acistad split into two separated
active lists and a new command is generasglit with the vertex valence. Another case
may arise is when the free vertex is connected to a vertexatnanactive list. In this case,
both active lists are merged to generate one active listladymbolmergeis output. If
the mesh has boundaries then before the encoding procesarayvertex is temporally
added to each boundary and connected to all boundary \&riicerder to have a closed
mesh. When dummy vertex is hit then the number of its valendetlae code "dummy"
are output. Note that the dummy vertices are removed aftshrdecoding.

For large number of triangle meshes, the distribution ofviddance is very law and
often the mesh contains a large number of vertices with thenga of six. In such a
mesh, the sequence of vertices valences can be well encattetheventropy encoding.
For regular meshes, TG compress the connectivity dovrtbvp and betwee and3:5
bvp otherwise.
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TG's algorithm is further improved by Alliez and Desbrufi py using an adaptive
conquest over the mesh to avoid as much as possibsptheperations. The sequence of
valences and the few additional codes are encoded usingagialarithmetic encoder.
For large, arbitrary meshes, they achieve an upper bouA4bpv.

Isenburg and Snoeyinls()] performed a series of edge contraction and division to
collapse the whole mesh into a single vertex. For each edgeand operation, the degree
of vertex is output and for each edge division, a start andnahi®output. The entropy
encoding of the resulting code sequence yields a compattdaims ofl to 4 bpv.

There are many others algorithms have been proposed forressipg the mesh con-
nectivity and often in lossless way, such &3,[53, 59]. An ef cient coding of the symbol
stream such as Huffman coding or arithmetic coding alloveirapthe connectivity with
often less tha bits per vertex and never more thébits per vertex.

2.4.1.1.2 Geometry Coding

Geometry Coding is the compression of vertex coordinéteg; z). Traditionally,
each vertex coordinate is represented with an IEEE 32-kating-point number. The
early research on mesh compression focused mostly on af tissless coding of trian-
gle mesh connectivity, as mentioned before, achieving &st it-rates of 1.5-4 bits per
vertex on an average (as reported 70]). In contrast, the compression performance of
geometry has not been as well impressive. Indeed, the vpdsixions are mostly en-
coded in traversal order induced by the connectivity codas Teads usually to near or
non-optimal geometry coding. Moreover, the geometry coolmidates the total com-
pressed data size. Therefore, the researches later smiftexito geometry coding, where
also geometry-driven compression schemes have been piahpos

Most of the proposed paradigms to reduce the amount of vpdsitions use the fol-
lowing combination: prediction to exploit the high corriten between the positions of
adjacent mesh vertices, quantization to reduce the ogtimigt to nite precision, and
entropy encoding to reduce the statistical redundancigsct&l methods are another type
of methods for geometry coding that generalize 1D and 2Deadsgio 3D geometry. It em-
ploys as well quantization and entropy encoding, in ordactueve a higher compression
rates.
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Figure 2.10 Quantization grid
Quantization

It is a standard technique, commonly used to compress noaheata. It reduces the
precision of data prior to that data being encoded with utecision. The resulting val-
ues are represented with a limited number of bits and theypeatompressed ef ciently.
Quantization is an irreversible process, i.e. it is implolgsio recover the original coor-
dinates once encoded. The inverse process is cadgdantizationQuantization allows
for higher compression ratio at the expense of distortiothenreconstructed data. We
distinguish between two type of quantization: scalar arelorequantization.

Scaler quantization (SQ¥BQ truncatesiniformlythe vertex coordinate of 32- or 64-
bits oating point values to desired accuracy and convémsrt into integers of, typically,
16 bits with very negligible loss in data delity. This redesthe range of input dataset
before the encoding stage. To do this, rst the bounding bba mesh is computed.
Given a number of bit length for each coordinateéhe bounding box is divided int2n
grids alongX, Y andZ axis. The side length of each celllig s« =2", wherelnax =
(max min) is the tight axis-aligned bounding box, de ned by the maximmax and
the minimummin of the coordinates, y andz. Then, each vertex is aligned with the
nearest grid intersecting point. The new positions in the gystem is the new integers
coordinates. The parameters of bounding bmaxX and min) must also be sent with
the compressed data to be able to construct the boundingriabtoaecover the original
guantized points at decoding step.

Figure 2.10 shows quantization o two dimensional points to uniforr8 8 grid.
Since the original coordinates cannot be recovered andamppproximation is recon-
structed, the quantization then occurs an error. The loverquantization level (the
coarser the grid resolution), the more compact data, anthtger the error between the
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original and reconstructed data, resulting in model witttky structure.

Quantization can be uniform or non-uniform. In uniform gtization, a given the
number of quantization, the bounding box is partitionea iatuniformly spaced grid
structure, meaning that all grid cells are of equal sidetleras describe before. In oppo-
site, in non-uniform quantization, the cells have différiemgths.

To encode vertex coordinates, Deeri@|[suggests to quantize uniformly each ver-
tex coordinate to at modi6 bits. At this precision, the reconstructed mesh vertices ar
visually indistinguishable from the true ones. To achieigghbr compression, Chov28]
subdivides the mesh into different regions based on treaegle and the curvature. The
regions are then uniformly quantized with different premmsdepending on the level of
detail present. The highly detailed regions are assignee iinits than the less detailed
ones.

Vector quantization (VQVQ is extension of the scalar quantization. It operates on
vectors instead of individual values. It maps the input da&tiainto small set of vectors
or representatives called tltedebook minimizing the total distortion incurred by the
quantization. The advantage of VQ over SQ is that it explbiescorrelation between the
vertex coordinates and results in lower distortion than B@,its complexity increases
with the codebook size. Since the aim is to generate a codtethad minimizes the
distortion between the input data and the codebook, thepednce of compression then
depends on the codebook generation method. The most pamaabook design is the
Linde-Buzo-Gray (LBG) algorithm9], also known as Generalized Lloyd Algorithm
(GLA). The algorithm is an iterative algorithm. Its startglwone codevector chosen as
the average of the entire all training vectors. Then, at ségh the algorithm re nes the
codebook using splitting procedure until the number of @escodevectors is obtained.

VQ has also been proposed for geometry coding P2, 18]. In the literature, it
is often used after prediction process. Therefore, sonastiane categorized under pre-
dictive techniques. VQ based techniques will then be resdehater in the next paragraph.

Prediction Coding

There is a large correlation between the positions of thacaait mesh vertices. To
exploit this high correlation and to reduce the redundamost techniques use prediction
rules. The prediction uses a set of known positions of vestio a decoder, to predict the
position of a new vertex. The differences between the ocalgamd the predicted values
have distribution which is close to zero. Then, instead afoeing the true values, it
Is suf cient to store and to encode these differences. Tlwasebe well encoded with
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entropy encoding, resulting in fewer bits than would be itsftom the entropy encoding
of the quantized original positions.

The type of this technique is called predictive method. Asehentioned before, the
connectivity information plays a crucial role during theceding geometry. It de nes not
only the order of vertices in which are encoded but also thefseertices that are used for
prediction. The better prediction is, the smaller errornd ¢ghe better compression per-
formance we achieve. Today it becomes common for geometnpoEssion to quantize
the coordinates with a number betwekrnand16 bits.

In the literature, different predictions have been propaseh as delta predictor, span-
ning tree predictor and parallelogram predictor. The &atisry predictor is the one who
predict a position close to its current position. Therebg, prediction error will be small
and requires fewer bits.

Delta Prediction.Often, the coordinates of two successive vertices are Yigire-
lated. The difference between their positions is quite snalerefore, Deering suggested
to use the previously transmitted vertex positmn, to predict the position of the new
vertexp; and encoded the differences instead of the original coaté@ The rst step
in his algorithm is to normalize the mesh into an unit cube quantize each vertex co-
ordinate to 16 bits precision. Then, the difference betwtberprevious and the current
quantized positions is computed and further compressddtigt entropy coding.

Spanning tree predictoA more ef cient predictor is the spanning tree predictbi 4]
of Taubin and Rossignac. As a preprocessing, Taubin anddgaesquantize the original
vertex locations to a user speci ed number of bits per cawths (typically8, 10or 12
bits). Then they constructed a vertex spanning tree ancieglfor the prediction of
each vertex locatiop, the locationg; of the vertices in the path fromto the root of the
vertex spanning tree.

p= P (2.4)

The weights for the locationg are chosen to minimize the squared lengths of the
delta vectors over all vertices k k2. The delta vectors are computed and can be encoded
with Huffman coding or arithmetic coding, resulting in abd3 bits per vertex at 8 bit
quantization level (as reported ih]7]).

Spanning tree predictor can be seen as generalizationtafffediction. This one uses
only one ancestor i.eK = 1 and = 1, while Spanning tree predictor uses weighted
linear combination oK ancestors in the vertex spanning tree.
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Figure 2.11 Parallelogram prediction

Parallelogram PredictionMore sophisticated prediction scheme is parallelogram pre
diction introduced by Touma and Gotsmdri]]. Each newly encountered vert&xe,,
during the traversal of the connectivity constructs witl trerticeq u; v) in the active list
a triangle that is adjacent to the already encoded triamgference triangleju; v; w) of
the growing region (see gurg.11). Based on the assumption that two adjacent triangles
tend to form a parallelogram, the positipg,, of the vertexv,e,, can then be predicted as

Pored = Pv+ Pu Pw (2.5)

A good predictor is also the one that performs well for largss of meshes, meaning
that prediction errors are very small. Parallelogram piesia good prediction if the
shape is almost planar (meaning that the two triangles aree@) co-planar), and gives a
poor prediction if the shape has high curvature (meaningthigatwo triangles are highly
non-planar). Therefore, for more accurate predictionyffaand Gotsman combined this
linear prediction with a curvature estimate. After the piediction, thecrease angle
between the two adjacent triangles along the date) is predicted as average of the
available crease angles of two other edges incident to fleeerece triangle. AB bit
quantization level, this approach requires approximaddits per vertex.

Parallelogram predictor has extensively been used andastieup to now. It has also
been adopted for the MPEG-4 standard for mesh geometryg@2jin

Vector quantizationLee and Ko ¥ 3] applied vector quantization to geometry coding.
They used a local coordinate frame de ned upon the prewvjousited triangle. The re-
sulting set of model-space vectors is encoded with a tymeeior quantization scheme,
achieving in averag@:7 bits per vertex for a quantization &bits per coordinate, which is
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Figure 2.12 Multi-way prediction

seldom suf cient. Chou and Men@p] proposed Predictive Vector Quantization scheme
(PVQ), where the vertex position is rst predicted then tihediction error is quantized by
vector quantization. Very recently, Bayazit et al. alsoeleped predictive vector quan-
tization, where the prediction error is represented in tlwall coordinate system prior to
vector quantization. They employ an extension to the egtoogmstrained of the predic-
tive vector quantization, unlike the other VQ based appneadr3, 22] which aimed to
design a code book vector with the minimum distortion withoanstraints on the rate.

Other techniques

Kronrod and Gotsmary[] suggested to encode the connectivity in such way that opti-
mizes the parallelogram prediction rule. Unlike the prergig described approaches that
are connectivity-driven compression, this methods is ggoyrdriven approach. They
constructegrediction treewhere the mesh is traversed in some order to produce a good
prediction and simultaneously encode the mesh connactiVite entropy coding of the
geometry is reduced by up &%on TG's algorithm L17]. However, its disadvantage is
the complexity of the encoder.

As opposite to the parallelogram prediction which based smgle triangle in one
direction, Cohen-Or et al. suggestieavay predictor(or Multiway predicto) that uses
a multiple directions to predict the location of a vertex.ohder to allow more than one
way prediction, the mesh is traversed in a special order thaitthe vertex with highest
degree of prediction is selected. Fig@d2shows an example of 3-way prediction that
uses three triangles. Each triangles (already encodedicse point, and the average is
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the nal predicted position of a vertex. Typically, this Yas smaller prediction error than
the 1-way prediction.

Isenburg and Alliez47] generalized the geometry coder of Touma and Gotsman to
polygonal meshes. They let the polygonal connectivityadetvhere to apply the paral-
lelogram rule. As polygons tend to be at in typical modelsgy tried to predict vertex
locations within polygons rather than across polygons.édtes. [74] proposed to encode
the dihedral angle along the gate, between the two neighdpdaices and to transform
the tangential coordinates into the interior angles of gh@nsing triangle. All angles
are uniformity quantized then compressed with an arithenetider. This angle based
scheme results in approximate®)% better compression ratio for geometry only than
TG's scheme]17], at the same level of geometric distortion.

In predictive techniques, the coordinates are quantizedriamber of bits typically
lying between 10 and 14 with a negligible loss of accuracy.|&w compression ratio, a
coarse quantization level can be used, resulting in sigmtdoss in data possible caus-
ing high visible degradation. Therefore these technigeenat well-suited for very low
bit-rate. Therefore, usingligh-pass quantizatiomlgorithm [L12), the high-frequency
distortion can be transformed into low-frequency which almost invisible. The ver-
tices coordinates are then rst transformed into anothecsy applying the Laplander
operator. Then the new transformed coordinates are geantizhis allows aggressive
guantization without introducing visually disturbingiéatts.

There are several other geometry compression techniqebsasup9, 109, 91, 49].
More deeply survey about static mesh compression, can el io 94, 6].

Spectral Coding

Spectral methods are widely used for lossy compressionag&s such as the popular
JPEG which is based on the DCT. In these methods, the dataessed as linear com-
bination of orthogonal basis functions, each basis funasaveighted by a coef cient.

Karni and Gotsmandl] introduced the spectral theory method for geometry com-
pression purpose. They computed the eigenvectors of tha fregdacian matrix then
projected the mesh geometry onto the new orthonormal bastors. The spectral co-
ef cients are quantized to typically betwedi® and 16 bits followed by the quantization
of the coef cient vector. The resulting integers are enyropded with Huffman or arith-
metic coder. For a mesh of large number of vertices, the ctatipn of the eigenvectors
of the Laplacian is prohibitively expensive. Thereforasitnore practical to decompose
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the mesh into submeshes and encode each mesh separately.

The results showed to be signi cant for relatively smoothdaiks. The algorithm
achieves about a half to a third of the bitrate of TG's aldgont[117] at the same visual
quality.

This approach enables the progressive transmission. datrapcoef cients can be
sorted then transmitted from low frequency to high freqydndhe decoder. At the client
side, an approximation of the mesh may be reconstructed agew spectral coef cients,
and itis incrementally re ned by using more coef cients.

Geometry Imagdt is a technique that remeshes an irregular triangle mestesegular
grid which calledgeometry image This can simply be encoded using traditional 2D
image compression schemes. Geometry image representasonple and well-suited
for hardware rendering.

Basically, the mesh is rst cut along a set of edge paths talpce a mesh that has
the topology of a disk. This allows then to parameterize thtesarface onto the square
domain of the image and sampled on 2D regular grid in this dionTdnis 2D grid forms a
geometry image where the vertex coordinates (x,y,z) aredattas an RGB image. The
geometry images is compressed using wavelet-based coders.

2.4.1.2 Progressive Compression

Hoppe is the rst who introduced the concept of progressivesimrepresentation
(PM) [42]. This is another scheme for storing and transmitting eabjttriangle meshes.
As described before, progressive scheme encode a base mesloarse version of the
mesh with a sequence of re nement operations. After the bassh has been sent, it is
rst reconstructed and gradually re ned as the bitstreameofiement operation is being
received, decoded and parallel rendered until the origireh or its close approximation
Is recovered. In progressive scheme, the transmissioncomngaression of the mesh can
be stopped at any accuracy.

Progressive techniques can also be categorized into logkjoasless depending on
that if the original connectivity and geometry informatiare recovered or not. In lossless
techniques the mesh is continuously simpli ed into a coamnssh, and at each step the
simpli cation operation is stored. To retrieve the origimaesh, the inverse of these oper-
ations are applied to the base mesh simpli cation. In losshhiques often the remeshing
and the wavelet are used. The mesh is decomposed into coasbenith hierarchy of ne
detail. The distortion in lossy techniques is measured ag#ometric distance between
the surfaces.
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Figure 2.13 Edge collapse and vertex split operation.

In his progressive schemé3], Hoppe showed that only one single simpli cation op-
eration which isedge collapsgs suf cient to effectively simplify a mesh. This operatio
involves eliminating an edge by merging its two end vertigesndv, into a single vertex
v{ (see gure2.13 Thus, it reduces the mesh by one vertex and one triangle iédye
is on the boundary or two triangles otherwise. The inversedafe collapse operation
is calledvertex split It split the vertexv? back intov; andv,, recovering the original
connectivity.

To obtain the coarse mesh, a successive collapse operatiohsire applied to the
original mesh. At each iteration an edge that minimizes iedion is selected to pre-
serve the overall appearance of the mesh during the recactisti. The progressive rep-
resentation of the original mesh is then the base mesh ansktgence of vertex split
operations: M q; split1; split,; :::; splity). To generate nely progressive coding, PM en-
codes the mesh by collapsing only one edge and encoding arlyeartex, at time. This
operation uses a large number of bits per vertex. Thus, itneaef cient for compres-
sion. To enhance the coding ef ciency, PM was extended bgrs¢vesearchers.

Taubin et al. developed.Ll5 compression approach. Instead of using single vertex
split operation, they introduced tif@rest splitoperation which split a group of edges at the
same time. At each step, the mesh is cut along a forest of githgesthe resulting crevice
is triangulated and nally, the new vertices are displaceitb itheir new position. This
operation achieves much higher compression ratios tharPRjdrola and Rossigna8d
proposed theompressed progressive mesfo minimize the cost of each vertex split,
they group the mesh edges into batches. At each batch the edgeollapsed, then
the information to reverse these steps are encoded. At tch bmnement, the number
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of vertices is increased by up &% Khodakovsky et al.§7] developed Progressive
Geometry Compression for highly detailed and densely sagnpleshes. First, the input
mesh is remeshed into a semi-regular mesh using Maps &lgwitThen, a loop wavelet
transform is applied on the semi-regular mesh outputtingarsest base mesh and a
sequence of wavelet coef cients which represent the difiee between successive levels.
The coarse base mesh is encoded with non-progressive geehwhile the sequence of
wavelet coef cients is progressively encoded using zemivhose concept can be found
in[107].

Later, Khodakovsky and Gusko&9] developed another wavelet based approach based
on the the normal mesh representatidi®] Wwhich designed to produce detail coef cients
with one scalar value only instead of 3D vectors. Furtheemtitey used unlifted But-
ter y wavelets as predictor. Alliez and Desbrusl proposed an new algorithm based on
the valence of vertices in a mesh. They observed that themnéncoding depend on the
valence distribution. In their approach, the decimationqreest subdivides the mesh into
patches (1-rings). Then, each patch center vertex is retiadvwealence is output and the
resulting patch hole is re-triangulated.

There exist a long series of improvement in the progresswvepcession and trans-
mission of static meshes such 48,[95, 31, 93, 78]. In this section, only few approaches
are reviewed and for more detail we refer the reade6ta11].

2.4.2 Animated Mesh Compression

As animation technologies have become more sophisticaigéecessible, their ap-
plications become more widespread. Application such apoben games, Movies, edu-
cation, medicines, etc. often demand animated 3D modedss@mes with highly degree
of realism. As animation becomes more realistic and moreptexnthe corresponding
frame meshes become bigger and bigger, consuming more amedspece. It is therefore
indispensable to compress the animation dataketsframeanimation is one of the most
famous and dominant animation representations used imthesiry to represent the ani-
mation compactly. A set of key frames are chosen to desceatiaio important key poses
in the animation sequence at certain times. Then all framégstween are generated us-
ing interpolation techniques. For such applications, ¢ékemumber of key-frames can be
very large, requiring a large memory space and need fortefflecompression techniques.

During more than one decade, extensive research has beemdatatic mesh com-
pression, producing a large number of schemes as citedebefdhile research still fo-
cuses on ef cient compression for huge static mesi8s inimated meshes have become
more and more important and useful every where. Howeveguhent static techniques
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for the compression of sequences of meshes independeaiiyedicient.

Often the meshes differ only slightly between neighbori@gfes, leading to a large
redundancy between frames (temporal redundancy) and eetmeighboring vertices in
the same frame (spatial redundancy). In order to developrgacot representations that
signi cantly reduce the storage space of animated models, the space and time coher-
ence should be exploited.

The current coders are dedicated to compress the triangugsines of xed connec-
tivity so that the connectivity needs to be encoded, storadansmitted once, then the
geometry coding comes into play. The focus on animated nsesitle xed connectivity
may be justi ed by the fact that often the animation creatm&@ntain the connectivity
constant throughout the animation, in order to allow foryeasd ef cient manipulation
of the sequence.

The previous section has shown how to compress static 3D eseshhis section
will review the current compression algorithms for comgres of animated meshes.
Here, we distinguish between four approaches, accorditigetecheme adopted for com-
pression: predictive based methods [JCS02, IR03], PCAdagmesentations [AMOO,
KGO04, SSKO05], wavelet based techniques [GK04, PA05] ansteting-based approaches
[Len99, ZOO04]. These techniques can also be are classi&dsimgle-rate and progres-
sive coders.

Lengyel provided a description of seveaadimation primitivesused to create the an-
imated model: Free Form Deformations, Key-Shapes, Weightajectories, and Skin-
ning. The encoding of the primitive used in generating thenation yields the best com-
pact representation of all. This is possible if the pringtis determined a priori. However,
there are many animation tools. Finding the way in which tenation of each object is
generated, is dif cult or unfeasible. Therefore, it is mpractical to develop compression
tool that compresses animated object independently fromthe animation is generated
or even how complex (linear or non linear) it is. The ef cignaf the method depend
on how much the redundancy is removed, eventually, on thedspgéthe compression
and decompression algorithm. Yet, we need compressiomitiges that allow for small
compressed representations that maintain good visualtydel

2.4.2.1 Clustering-based Compression

The basic idea of a clustering-based compression appre&zisplit the mesh vertices
into several groups of similar motion and to encode the madioeach group using few
representative vectors or parameters.
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Af ne Transformation. In his approach, Lengyelr[/] partitioned the mesh into sub-
meshes and described the motion of the submeshes by rigidttetsformations. The
rigid body transformation of a submesh was thereby estidtatbest match the trajecto-
ries of its vertices. The compression was achieved by engdtie base submeshes, the
parameters of the rigid body transformations, and themdiffees between the original and
the estimated locations. This approach is very effectivewlarge parts of an animated
model can be described well by rigid body transformationte dther four modeling
primitives can also replace the rigid transformation.

Lengyel's approach is improved®§|, by encoding the mesh animation with a se-
quence of rigid transforms without residuals. A base meshgsnented into rigidly trans-
forming segments, using a new weighted least squares séggoenprocess. Then, to
exploit the temporal coherence, these transformationaggesgated. The reconstructed
animation may not be enough smooth in time and space. Tdydgis effect, a spatial-
temporal smoothing scheme is applied. Af ne Transformai®also used to develop a
Level of Details for Dynamic Meshes (see sectib4.3.

Octree based Method This approach is based on spatial clustering, based onteeeoc
decomposition of the object. The basic idea is to represémh@tion vectors of the
vertices enclosed in each cell with only few representatieéion vectors.

Assuming that the previous frame is already encoded, thesmegctors are computed
as the differences between the position of vertices in tiheentiand the previous frames

. Starting with a cube bounding box surrounding the 3D obgecinitial cell, eight
representative motion vectoms,; :::; mg are associated with the eight corners of the cell.
The motion vectors of the enclosed vertices within the aelithen predicted biyi-linear
interpolationin the form of weighted sum of the eight representative vscto

X8
= Wi m; (2.6)
i=1
The representative vectors for a given cell are computedjusast square estimation.

If the motion of the enclosed vertices is well approximatadaning that the error is below
a speci ed threshold, the representatives for the octangjaantized and entropy encoded.
If the error exceeds the speci ed threshold, the cell is tteened into 8-octants and for
each new octant 8-motion vectors are computed to estimatentition of its enclosed
vertices. The process continues until the error is belowtliheshold. The accuracy of
the approximation can be measured in terms of maximum oagedtuclidean distances
between the original and the reconstructed motion vecfdhewertices withina cell. The
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compression is achieved by quantizing and entropy encati@gepresentative motion
vectors.

This approach isimproved to the so called Differential 3Dsk€oder (D3DMC)63],
which is followed by a rate-distortion optimized version3@MC-RD) [87].

Iterative Closest Point The idea of ICP is to nd point matches between two meshes.
In [38], the ICP is used to estimate the motion of the vertices irhedigster in terms

of af ne parameters and residuals. The mesh is initiallynsegted into clusters by the
topological partitioning algorithm41]. Then the clustering is re ned to separate the
vertices that can be encoded with the af ne transforms only those that need further
encoding the residuals.

2.4.2.2 \Vertex-Prediction based Compression

Prediction techniques assume that the connectivity of thehms does not change
over time and use the previously recovered vertex locatmpsedict the location of each
new vertex. The vertex path (or vertex displacements) magstienated using linear or
non-linear predictors in space and (or) in time. The deltaors are compressed up to a
user-de ned error. In such technique, the mesh trianglesraversed in an order suitable
for the predictor and the rst frame is encoded using stabimpression schemes. Here,
we distinguish three type of predictors: spatial predictemporal predictor and space-
time Predictor.

Spatial predictor exploits the coherence between neighboring vertices in #ame sep-
arately using for example the parallelogram predictor (gaee 2.14).

Temporal Predictor exploits the redundancy between the positions of the veéntexb-
sequence frames. The position of the vegkis simply predicted from the position of the
vertexpif Yin the previous framé 1 or as a linear or quadratic combination, taking into
consideration the vertex positions in the two or three mesiframesg’ *;p’ 2;p’ 3).

Spatio-Temporal Predictor takes into account both the spatial and temporal correlatio
For instance dynapack uses two space-time predictors:

Extended Lorenzo Predictor (ELP)
This predictor uses a parallelogram prediction to explodgttgl coherence, and then per-
forms temporal prediction on the spatial details. It is dguepredictor for a subset of the
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Ny
predict(v, f)
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Figure 2.14 Space-only predictor: parallelogram prediction.

mesh undergoing pure translation from the previous frame.
predict(v;f) = ne+p; o +Vvi 1 N1 Pr 1+ 02

Replica Predictor
This predictor expresses the location of the vertex reddbvthe locations of three vertices

of an adjacent triangle as local coordinate system. Thexdwotation in the new frame
is estimated by its relative coordinates from the previoask. This predictor replicates
perfectly the local geometry undergoing any combinatidnsamslations, rotations, and

uniform scaling (see gure.l15).

predict(v;f) = of + aA’+ bB%+ cC° (2.7)
A= p o
0_—
BY=n o (2.8)
A0 BO
Cl= p———
k A0 BOk3

The position of they; ; can be written asp; ;+ aA+ bB+ cC. Then, the coef cients
a, bandc are computer from the previous frame as.

_AD BB BD AB

A= AA BB AB AB

b= AD AB B:D AA (2.9)

" AB AB BB AA '
A B

- D'kA Bk

where
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Figure 2.15 Replica predictor.
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A similar predictor, introduced by Stefanoski and OstermHIri3, is a perfect pre-
dictor that preserves the angle between the referencegleiamd the spanning triangle.
The difference between this predictor and the Replica Btedlies in the coordinate sys-
tem used to express the vertex location. Yang et al. propdsdre, rst and second
order predictors for the vertices displacements withinstamgrange Multiplier scheme.

The interpolation compression (AFX-1C3%] is a tool adopted by the MPEG-4 stan-
dard and aims at exploiting the redundancies between treetled key frames. The main
concept is to reduce the number of keys trough an interpgbaitcess and compress the
remaining key frames using the differential coding andemtrcoding.

Predictive methods are simple, ef cient and have a low caotafanal cost which
makes them well suited for real time compression and decesspn. The drawback is
that they do not support progressive compression and tewyttte not ef cient at very low
bit rates which would require a coarse level quantizatidmctvleads to blocky structure
as discussed before.

Vertex based predictive approaches, focus on frame to frdraeges to exploit local
coherence. They process vertex after vertex. In oppodieelare other approaches that
analyze the global coherence by using, for example, a PCia.elamines the entire mesh


./phd-Pics/background/replica.eps

2.4 Prior Mesh Compression Technigues 43

sequence and represents the sequence by a few principabonentp and coef cients.

2.4.2.3 PCA-based Compression

Principal Component Analysis (PCA) is a statistical tegluei that can reduce the
dimensionality of a dataset. It determines linear comimmat of the original dataset
which contain maximal variation and represents them in #rogonal basis. The original
data can then be compactly represented by a few principgbonents and coef cients. If
we have for exampld; frames of3V dimension each and V is the number of the vertices,
PCA produces a reduced numlder  F of principal components that represent the
original dataset. On can then see the PCA as a transfornadtibe original coordinates to
a new coordinate system such that the direction of the r& Bxpointed in the direction
of the greatest variance in the datasets, the directioneadélcond axis in the direction of
the second greatest variance and so on.

Alexa and Mdller B] were the rst who suggested PCA to achieve a compact rep-
resentation of animation sequences. First, all framesransiated so that the center of
mass of the model coincides with the origin. Then, an af ransformation is computed
minimizing the squared distance of corresponding vertigés respect to the rst frame.

All frames are gathered to form a matrix of dimension threees the number of vertices
times the number of frames. To nd out a compact represeamtdtr the sequences, they
perform PCA on that Matrix using singular value decomposit{SVD) to extract the
eigenvectors and the coef cients. This method was imprdéii by applying second-
order Linear Prediction Coding (LPC) to the PCA coef ciestgh that the large temporal
coherence present in the sequence is further exploited.

Animated meshes exhibit highly nonlinear behavior, whecglobally dif cult to cap-
ture using standard PCA. Therefore, for more ef cient coesgion, the clustered PCA
(CPCA) was introduced1DZ: the mesh is segmented into meaningful clusters using
Lloyd's algorithm [82] in combination with principal component analysis. Theksters
are then compressed independently using a few PCA compmopait This technique
outperforms the standard PCA and the combined PCA with LP@ree, since they ex-
plore a robust segmentation which is based on a data an&bgsisique. But it remains
expensive.

PCA based approaches support progressive transmissitoevahaf-detail. The qual-
ity of the animation increases with the number of PCA coedrdis. From the computa-
tional viewpoint it is expensive, but the decompressiorcess is very fast.
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2.4.2.4 Wavelet-based Compression

Wavelet transform aims to decorrelate geometric data aggnerate a sequence of
detail coef cients. In irregular meshes, the wavelet desatomputed every time a vertex
is removed from the current level of progressive mesh hibsaand de ned as the differ-
ence between the actual location of the removed vertex angredicted location from
the coarse level.

Guskov et al. 39 used wavelets for a multiresolution analysis and exptbitee para-
metric coherence in animated sequences. The resultingletaletail coef cients were
progressively encoded with predictive coding scheme.

The idea of this algorithm is to separate the geometric ardotirametric information
for parametrically coherent mesh sequences. The sequémncestes sharing the same
connectivity, also share a similar local parametrizatidlence, the connectivity and the
parametrization need to be encoded and transmitted onky thren use it to decorrelate
the geometry of each frame. Indeed, the encoder rst proaegseci c mesh which is
called parametric mesh, then uses the information of thshn@ compress the geometry
of the remaining meshes, frame by frame.

Payan et al. 92] introduced thdifting schemeto exploit the temporal coherence. The
wavelet coef cients are thereby optimally quantized by mmizing the reconstructed
mean square error for speci ¢ user-given target bitrate.

Video Geometryl9] is an alternative way that treats the animated meshes &g \@e-
quence. It is based on tH@eometry Imageepresentation developed for static mesh.
The sequence of meshes are then transformed into geometgegnvhich are then com-
pressed using standard video compression.

2.4.3 Level of Details for Dynamic Meshes

Shamir et al. 106 introduced a multiresolution model for dynamic geometey s
guence of meshes called TDAG. It supports spatial and temhjp@rel of detail. They
rst extract the af ne transformation relative to the rstdme then encode the residual
in the TDAG structure. Through the TDAG structure, the cangton approximation of
each mesh is governed by a metric function that combinega$panstrains and temporal
constraints.
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2.5 Segmentation

3D Mesh segmentation is a process that breaks mesh elenasng lthe same prop-
erties into regions. It has become a necessary tool in canpguaphics and geometric
modelling. And it is used for various applications such asame®rphosis33, 131, 110,
compressiongl, 84, 10, 102, parametrization 00 69] simpli cation [132 32] and
skeleton extraction94]. For detailed survey in literature on segmentation, werndfe
reader to 105.

2.5.1 Static Mesh Segmentation

Segmentation of static mesh partitions the mesh into regismg the mesh attributes
as segmentation criteria, depending on the applicatiommss may impose different re-
guirements and criteria. The most criteria functions usedpfrtitioning process are
geodesic distancéb, 64], curvature 04, 34, 72], normal [125, etc. Of course, the de-
cision to assign each vertex or triangle to the same segrffentsaheavily on the results
of the segmentation. Thus, the quality of the method is glyorelated to its application.

A various approaches have been proposed to decomposetibewshes into visually
meaningful parts such as region growiri®[ 119, 90, 57, 127, 86, 20], watershed §8,
137, hierarchical clusteringd2, 16, 46, 108 71], iterative clustering110, 101, 58, 124,
spectral analysis method8l] 80, 81, 128 129, implicit methods, etc.

For instance, theegion growing approach collects the elements of similar feature.
These elements can be vertices, triangles or region. Tategyr of region growing starts
with a number of elements which are either selected randomilysing geometrical cri-
teria. Then, it grows sub-meshes incrementally (eventuadl parallel) under a set of
criteria that determines if the new element can be addedeatirent region and the
growing stop criteria. The main differences between varimethods arises typically on
growing criteria, seeds selection process and dealing tvélsmall regions or merging
criteria. In this approach the result of segmentation dépdéeavily on the number of the
choice of initial seeds and its number.

The clustering approaches can be either hierarchical or iteratierarchical clus-
tering initializes all elements as clusters, then merges the erlsigif low cost to one
cluster. The number of nal clusters in this approach is umkn. Iterative clustering is
introduced to nd an optimal segmentation. Often, this gatg uses the popular Lloyd's
algorithm [B2], some time referred to as k-means.

Given a number of clusters, the approach searches itdgative best segmentation.
The algorithm starts witk representatives & clusters and assigns each element to one
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of these clusters. Then, the iterative procedure updatek tiepresentatives from the

clusters until they stop changing. Generally, the itempvocess can be automatically
stopped when stopping criterion is met, typically, theraated improvement stays below
a prede ned threshold value or the maximum of iterationgeched.

The Spectral analysisapproach uses generally the eigenvectors of the af nityrimat
to break the mesh into parts. Spectral clustering is one egetwell-known spectral
approaches. It uses the eigenvectors of weighted graplatiapl matrix to construct a
low dimensional embedding in which the clustering would bsier than clustering the
original data points.

2.5.2 Dynamic Mesh Segmentation

Recently, segmenting dynamic 3D meshes gained much ibtenesit is used in
several contexts in animatioB7, 102 54, 64, 75, 76|, typically, skinning mesh anima-
tion [54], ray tracingB7], and compressiorv[7, 38, 102, 84].

While static mesh segmentation aims at detecting mearlipgits and breaks the
mesh onto sub-meshes of similar speci c features withinecsp context, 3D dynamic
mesh segmentation approaches exploit the temporal infami@ partition the mesh into
quasi-rigid parts. In other words, group the vertices tmatargo similar motion. Beside,
the spatial information or features can also be exploited.

The literature on 3D dynamic mesh partitioning is poor coragavith the large liter-
ature on static mesh partitioning. For instance, in skigrdaformable mesh animation,
James and Twiggpf] usedmean shiftalgorithm 1, 27] to cluster triangles with simple
rotation sequences to identify the near-rigid structufedeformable meshes and esti-
mates their transformations. This kind of clustering perf® well for virtual characters
but not for extremely deformed animation where the most camept are not near-rigid.

To ray trace animations, Gunter e aB7] decomposed the mesh into rigid parts un-
derlying a similar transformation by clustering the tritkesgy Residual motion is then
captured in a singl&uzzy kd-tree for the entire animation. Note that kd-tree subdivides
a region enclosed by a bounding box into irregular areas.

Lee et al. 6] introduced a method that nd near-rigid sub-meshes. Therhm ini-
tially extracts feature triangles on the mesh. Then, theareimg triangles are assigned to
different partitions, depending on the distance betweeridbe and the feature faces. The
distance metric which is used combines geodesic distartbete deformation distance.
The drawback of this algorithm is computationally costly poactical purpose.

For dynamic mesh compression purpose, segmentation Ig tesed compared with
the huge number of algorithms proposed for static meshesmidst proposed approaches
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assumes that the sequence of meshes have the same cohnect/ionly geometry
change over time.

Usually, the objective of using partitioning the mesh in¢benpression context to de-
crease the computational costs as well as to preserve thalgloape of the mesh because
some compression algorithms such as some spectral baseugiees (DCT, PCA, etc.)
can destroy important features of the mesh. Another obedito nd near-rigid com-
ponents whose motion can be described by af ne transformshwead to more compact
representation. In all cases, the algorithm employed titjgger mesh vertices into near-or
rigid parts heavily affects compression performance.

To nd the vertices that have similar motion, Lengy@l7] proposed that one select a
set of seed triangles randomly and compared their trajestofiriangles with a similar
motion are combined. Then the vertices are associated mettriangle whose trajectory
best t theirs. Gupta et al. 38| use multilevelk-way partitioning algorithm 41] on the
basis of proximity in the connectivity and the number of paiven by the user.

Mamou et al. 85] proposed to partition the mesh vertices into clusters whmostion
can be described by unique 3D af ne transforms, by applyiimgdans $0]. Amjoun et
al. [7] proposed region growing based approach. Starting froraraégeed points. The
regions grow uniformly around the set of selected seed pbitrst traversing the closest
neighboring vertices over time until all vertices of the mase visited (see chaptéy.

These approaches use the connectivity information for seggtion, eventually with
the geometry information. Generally, the approach thabmectivity-based clustering
only is not well-suited for time geometry-variant.

Alternative approaches use the geometry information @mg,they are characterized
as motion clustering based techniqu&8g, 10] which analyze the vertex motion over
time.

Sattler et al. 102 proposed to cluster the trajectories of vertices using/tlalgo-
rithm in combination with PCA. Then, they compress eachtelusdependently. In this
approach, unlike §4], they don't analyze the motion of each triangle but the motach
vertex. However, the experiment results showed that thinguboundary may deviate
from the deformable regions. Thus, the near-rigid is nobgswobtained as cited i §).

Amjoun and Strassetp] proposed another scheme based on the motion of vertices
relative to the local coordinate system de ned for eachtelugee more details in chap-
ter4).

As mentioned in static case, in animation the segmentatiocess also depends on
the applications which may impose different requiremeauts] the quality of the results
depends strongly on the applications.
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Note that the static mesh segmentation can also be well nsgairmation case as an
initial segmentation which is then re ned based on the nmotirdormation.

2.5.3 Discussion and Summary

This chapter began with an overview of compression data.cbiegories of compres-
sion were described: lossless and lossy compression. @eamwnpression techniques
were presented. Two entropy techniques are describedmdnficoders and arithmetic
coders. These techniques are lossless techniques ofteémusesh compression. A de-
scription of 3D geometric models for the static and animatesk are presented. Triangle
meshes are a frequently used representation to modeldimremisional object or scene.
Then the most popular techniques of mesh compression havereeéewed. These tech-
niques can be classi ed into intgingle-rate encoderandprogressive encodersingle-
rate encoders encode the original mesh as whole and oncg.afdéedicated to reduce
bandwidth between rendering pipeline and local memory.

A wealth of successful compression schemes have been gap&sirlier works fo-
cused on the ef cient coding of the connectivity data driythe encoding of the geometry
data, i.e. a vertex location is encoded at the time, whenaheextivity-coding scheme
encounters the vertex for the rst time. As connectivity cagltechniques became near
optimal within the last years, the researchers startedrioatrate on the encoding of the
geometry whose code dominates the total compressed datd siz geometry driven cod-
ing have then been emerged to encode the geometry in nearabpiay, independently
of connectivity coding. This is then guided by the geometging.

Progressive schemes have also been widely studied. Psograpproach rst creates
a simpli ed version of the original full resolution mesh agisimpli cations operations.
After transmission, the base mesh is rst decoded and renaisd, then gradually re-

ned as the bitstream is being received and decoded. In gggmeven compression, the
geometry is progressively encoded without restraint oheativity. Then the connectiv-
ity changes between two levels of details are encoded.

While research still focuses on ef cient compression fogéstatic meshes, animated
meshes have become more and more important and useful elerg wowever, the cur-
rent techniques for the compression of sequences of mastiegsandently are inef cient.

The current coders are dedicated to compress the animatedular meshes of xed
connectivity so that the connectivity needs to be encodedsd or transmitted once, then
the geometry coding comes into play.

There are several criteria by which developed coding teghes can be distinguished.
One of these criteria is the methods used to encode dynaroioeaey. In PCA based
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techniques, the global linear behavior of the verticesughoall frames is approximated
in terms of linear space. The animation sequence can beeadda@ few principal com-
ponents and coef cients. The ef ciency of this techniquerieases when the datasets are
segmented or clustered, so that each group is individuattp@ed by PCA. This type of
method supports progressive transmission. The drawbatikoapproach is it is com-
putationally expensive. In predictive methods, for eaelmie, the difference between the
predicted and the current locations is encoded with veryldi#s: These approaches are
simple, not expensive and well-suited for real-time agtlans. The drawback of these
methods is that they do not support progressive transmiséine transformations well
approximate the behavior of sets of vertices relative tarthiml position (the rst frame,
eventually the I-frame). This type of method is very effeetfor animations based on
motion capturing, if the mesh is well partitioned into almigid parts, since the vertices
are attached to the bones and move according to their reppagise joints. Therefore, ex-
ploiting the coherence in this animation and nding the stammation that best matches
each group of vertices is easier than nding a transfornmetii@at approximates each part
in deformed meshes (like a cow animation). The drawbackisftéthnique is that it can
be computationally expensive depending on the splitting@ss or the af ne transforma-
tion optimization.

Wavelet based approaches which also support the progeg¢ssnsmission, have showed
to be ef cient. There is a method that separates the paraagtm and the geometry. Itis
assumed that the connectivity and the parametrization oaemt are constant throughout
time. Thus, they encoded and transmitted only once and thentwse the parametric
information to de-correlate the geometry of each frametirigfscheme exploit the tem-
poral coherence by transforming the vertex position ingghtand low frequencies. The
wavelet coef cients are thereby optimally quantized. Getniyiimages is also extended
to geometry video which are compressed using standard col@pression

We end up the chapter with mesh segmentation. We discusexkdt methods pro-
posed for static and dynamic meshes in different applinatParticulary, we presented
the most proposed approaches in the 3D dynamic mesh conmressitext. The goal
of almost all methods is to partition the mesh into near adngarts, taking advantage of
the motion correlation property. Many of them focus on atited characters and may
be less ef cient for deforming meshes.

Basically, There are methods which we call geometry-basgohentation techniques.
They use the geometry information only to cluster the mestices, independent of the
mesh connectivity. The connectivity-based segmentagohrtiques use the vertex adja-
cency to partition the mesh. These approaches are not wigddsfor partitioning, since
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the geometry is changing over a time. There are methods #ebath geometry and
the connectivity information for partitioning, often thegsume that the connectivity is
constant over time and only geometry changes over a time.



CHAPTER 3

Compression of Static Meshes: Higher Order Predictor

This chapter describes a new geometry encoding strategyoll@vs the predictive
coding paradigm, which is based on a region growing encodimdgr. Only the delta
vectors between original and predicted locations are estoda local coordinate system,
which splits into two tangential and one normal component.

We introduce so-called higher order prediction for an inveencoding of the nor-
mal component. The tangential components are encoded aiiiigogram prediction.
Then, a higher order surface is t to the so far encoded genméts the normal com-
ponent is encoded as a bending angle, it is found by intengettte higher order surface
with the circle de ned by the tangential components. Beeanfscomputational time of
gathering vertices during tting process, we come up witghar order predictor based
on sphere tting to speed up higher order prediction.

3.1 Introduction

There are two main criteria by which static coding techngjoen be distinguished.
The rst criterion is whether the method pogressivei.e. allows for incremental trans-
mission, or not. In the latter case the scheme is caliéd Progressive methods tend
to be a bit less ef cient as at methods and in this paper weppse a at compression
scheme. The second criterion is whether the geometry idebassyor “not lossy”. In
the lossy setting it is allowed to move vertices over theagfas long as the,-norm or
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the Hausdorff distance between encoded and decoded mesks than a prescribed limit.
It is even allowed to change the connectivity. Typicallypltolike Metro [24] are used
to measure the distance between original and decoded méshproposed method is
"not lossy", where we quote this notion as it also introdismse loss. In the "not lossy"
setting the coordinates of the original vertex locatiores guantized to a user speci ed
number of bitg relative to the maximum exteral,,« of the bounding box of the model,
or a bit more general: the error between the original verveationp; and the decoded
vertex locatiorp; may not exceed

kpi Bi K emnax=2% (3-1)

This is the setting that we used in this chapter.

As most other proposed methods for geometry coding we alkawfohe predictive
coding paradigm. Here the triangular mesh is traversed @gi@mn growing order, which
is either driven by the connectivity coding algorithm or daa chosen, as we do, as a
breadth- rst traversal of the connectivity after the coatnaty has been decoded. One
initializes the growing region, which contains the so fac@ited geometry, with one tri-
angle and encodes the incident vertex locations in uncasspdsform. The three edges of
the initial triangle are pushed onto a FiFo. The traversaplpops the currently rst edge
from the FiFo and de nes it as the so callgdte at which the region grows. The gate is
incident to at least one triangle in the growing region. Ttieoincident triangle is added
to the growing region if it is not already part of it and newgutial gate edges are pushed
onto the FiFo. Every time a new vertex is encountered duhegraversal, one predicts
its location from the so far encoded geometry and only erstitedelta vectors

i &« Pi  Popred:
between the original vertex locatign and the predicted locatioppeqi. The traversal
loop is iterated until the FiFo is empty and all vertices hiagen encoded. The decoding
algorithm just performs the same traversal and does the pagdection, but decodes the
delta vector and reconstructs the original vertex location

Previous work 73] has shown that it is advantageous to split the coding ingatigl
and normal components by expressing the delta vectors imn@ioate system aligned
with the so far encoded geometry. We follow this approachessiibed in more detail
in section3.2.2 We also split the prediction into a tangential and a normedjgtion.
For thetangential predictiorof the two tangential component$,eq..an, We investigated
the two existing methods of parallelogram prediction andtirway prediction. But our
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Figure 3.1 Geometry coding process.

main contribution is the so callddgher order predictiorfor the prediction of the normal
component. The normal component is encoded as the bendihglzatween the triangles
incident to the gate. After the encoding of the tangentiahponents we t a higher order
surface to the so far encoded geometry and intersectingtht avcircle de ned by the
tangential components.

3.2 Geometry Encoding and Decoding Algorithm

Our geometry-coding scheme is based on a breadth- rst megiowing traversal of
the mesh as described before. Here, we detail the codingthigdor the vertex locations
of vertices that are newly encountered during the traverfshle connectivity.

The block diagram of the encoder is shown in gl&d. We decompose the geometry
encoding into the following steps.
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Geometry Encoding Algorithm

=

. build local coordinate system

2. transform original vertex location into tangential adioates and bending angle
3. tangential prediction (parallelogram or multi-way)

4. compute, quantize and encode tangential delta vector

5. decode tangential coordinates

6. higher order prediction of bending angle with decoded¢atial coordinates

7. compute, quantize and encode bending delta angle

8. decode bending angle

9. replace original vertex location with decoded locatramsformed back to the world
coordinate system

Firstly, we compute the local coordinate system by splttime coordinates into two tan-
gential components and a hormal component representeddaydiny angle (see subsec-
tion 3.2.2. In the second step, we transform the original vertex ineddcal coordinates.
Next we predict the two tangential components as describes@ction3.2.3and com-
pute, quantize and encode the delta vector with an aritleroetier as will be described
in section3.2.4 Stepsb and8 are crucial for the avoidance of error accumulation. By
simulating the decoding process, we make sure that we usggdemcoding exactly the
same information also available to the decoding algorithmstep6 the main contribu-
tion of the paper comes into play, when we predict the bendimge. This is detailed in
section3.3. Again we compute the delta angle, i.e. the difference tdodreding angle
measured from the original point, quantize and encode thdibg delta angle. Finally,
we decode the bending angle also known by the decoder, oramghe local decoded
coordinates back to the world system and replace the ofigeréex location with the
decoded one, what ensures avoidance of error accumulation.

The decoding algorithm uses the same traversal of the ctmiygand performs the
following steps:
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gate
edge .-

4 .

triangle
........ "o~ x = (p o) %
....ptan“‘ L= p o)y
Sl N * z = (B o) 2
. y = t2+ 22
Spanning = atan2(z;t)
triangle

Figure 3.2 lllustration and computation of local coordinates: targdrcoordinatesx;y and
normal component given as bending angle

Geometry Decoding Algorithm

1. build local coordinate system

2. tangential prediction (parallelogram or multi-way)

3. decode and undo quantization of tangential delta vector
4. compute tangential components

5. higher order prediction of bending angle

6. decode and undo quantization of bending angle

7. compute bending angle

8. transform local coordinates back to world coordinates

3.2.1 Avoidance of Error Accumulation

As we use predictive coding and do the quantization in a locaftdinate system, the
quantization errors normally accumulate. Lee and K8 had the same problem with
their vector quantization strategy and proposed to encddédianal correction vectors
every time the accumulated quantization error exceededrtioe tolerance. As we only
encode correction vectors, a careful design of the encadgayithm is necessary to avoid
error accumulation. We simply simulate the decoding preedso during the encoding,
and store the decoded vertex locations of each vertex. Anesetwe compute the local
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coordinate system (stefpof encoding algorithm) and the prediction (st®p The deltas
of the tangential components (stépand of the bending angle (st&pare computed be-
tween the original vertex locations and the prediction coteg from the decoded vertex
locations, such that only one quantization step can inteduror and error accumulation
is avoided.

3.2.2 Local Coordinate System

Figure3.2illustrates the local coordinate system, that we use in eontetry coding
algorithm. When a new vertex is encountered the gate edgbves/s incident to an
already encoded triangle in the growing region, which we tta reference triangle
and to a triangle incident to the new vertex, which is calleelsgpanning triangle The
local coordinate system is de ned on the reference triamgile origin o at the center of
the gate x-axis along the gate edge agehxis orthogonal tx-axis in the plane of the
reference triangle. As third coordinate we use the bendnglea between the normals
of reference and spanning triangle resulting in a cylirdraoordinate system with as
radius. We kept the notatioxn andy because they refer to tangential components. To
compute the local coordinates (see FigBr® we also determine thee-axis orthogonal to
R andy*. The transformation back to world coordinates is simply

p=xR+ycos()y+ysin( )2+ o:

/

—predicted
\ .
= locations
® - \‘\
>

reference
triangles

Figure 3.3 In the multi-way prediction mode all possible referencargles are exploited for
parallelogram predictions.
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3.2.3 Tangential Prediction

In parallelogram prediction mode for the tangential congyaa we use the formula of
Touma and Gotsman but use the decoded vertex locationsen twrdvoid error accumu-
lation. In the multi-way prediction mode we exploit the idgaoposed by Cohen-Or et
al. [29]: when a new vertex is encountered there can be more thanamséope reference
triangle as illustrated in Figurg.3. The idea is to use all possible reference triangles for
parallelogram predictions and average the resulting predilocations in world coordi-
nates. This is exactly what we do before we transform theagest predicted location to
the local coordinate system of the actually selected gaje.ed

3.2.4 Binary Coding of Coordinates

For the nal encoding of the local coordinates we have to guanthe coordinates
according to the error bounds as given by equa8dn For the tangential components
this quantization step is straightforward. Integer valaesderived according to

i L bxzen, 29+1=2c

iy < by=emx 20+1=2¢
For the angular component, one has to account for the radies by they coordinate of
the cylindrical coordinate system. Computing the arc lbrygglds

i L by zena 29+1=2
The inversion of the quantization process is simple as @ordhm makes sure thatis
known before needs to be decoded.
The resulting signed integer values are encoded with artiadapithmetic coder]23,
which generates new symbols for every newly encountereekind/e use two different
encoding contexts one farandy and one for .

3.3 Higher Order Prediction

In this section we describe our new approach for the prexshatf the normal direction,
i.e. the bending angle, of the local coordinate system.reigu shows an example. The
red arrow shows the gate edge and illustrates the loctilection. The green arrow is the
local y-direction and the blue one the virtuadirection. The vertices illustrated by blue
spheres are the already encoded vertices close to the dase Vertices are used to ta
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Figure 3.4 Snapshot during the higher order prediction of the cow md@plelynomial graph
function).

higher order surface as shown in cyan and are thereforedcallertices. The dark circle
around the gate illustrates all points corresponding taleded tangential components
x and radiugy and is called theangential circle The intersection of the circle with the
higher order surface de nes two or more possible predictingles . The angle closest
to = 0 is chosen and the resulting predicted locations is illistrdy the red ball in
Figure3.4. In the following three subsections we detail the gathedhd vertices, the
tting of higher order surfaces and the intersection of thghler order surface with the
tangential circle.

3.3.1 Gathering of Fit Vertices

As shown in gure3.5, the t vertices were gathered in a region growing strategy
starting at the reference triangle. In order to ensure tmatdecoder could collect the
same vertex locations, we collected the decoded locatibadr@ady encoded vertices
only.

As it does not make sense to t a smooth surface in the preseinsiearp edges, we
additionally restricted the search for t vertices to a &gion around the reference trian-
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growing region

reference triangle

P> oy B<B.

vertex not VEFEE
g ath@‘ gathered
\

Figure 3.5 Gathering process. If the angle between the triangle noamthe reference normal
is smaller than a given threshold then the decoded incideméx is collected (right) otherwise it
is not used for surface tting(left).

gle. First we computed the so callezgference normabf the reference triangle, gathered
its three vertices and initialized the growing region tot&ierence triangle by placing its
three edges onto a stack. As long as the stack was not emppgopped an edge from it
and checked if the incident triangle outside of the growiegjon could be incorporated.
This check included whether all vertices incident to thartgle had already been encoded
and whether the angle between the triangle normal and teeerefe normal was smaller
than a given threshold. We used a threshold of sixty degrealé our measurements. If a
triangle succeeded all tests, we incorporated it into tbhevgrg region and pushed all new
edges on the region border onto the stack. If the third vestake triangle was newly
encountered, we collected its decoded location. The nocimatk also ensures that we
can always t a graphi (x;y) to the gathered vertices with tixe andy-axes in the plane
of the reference triangle.

During tting we weighted the t vertices by their 3D distaae from the center of
the gate vidl=r¢, wheree is the so-calledveighting exponent

To nd out the best number of to be gathered vertices and teevbeighting exponent,
we plotted the number of bits per vertex consumed by the nlaromaponent for different
weighting exponents over the number of gathered t vertidé® bits per vertex were av-
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Figure 3.6 Plot of bits per vertex consumed for the normal component ditferent number
of gathered t vertices and different weighting exponeniBhe straight red line illustrates the
performance of the angle prediction via Touma and Gotsman.

eraged over the collection of sample models (see ch&pkegure8.1). The resulting plot
in Figure8.6shows a minimal coding cost for eighteen gathered vertindssaveighting
exponent of approximatellz3. More results will be reported later B

3.3.2 Higher Order Surface Fitting

For higher order surface tting we t the graph(x;y) of a polynomial function de-
ned over the tangential coordinat&sandy, where in this casg is not the radius but the
actual direction in the plane of the reference triangléx; y) is the virtualz component
of the local coordinate frame. An arbitrary polynomial ftina in two variables with
maximum degre€ is given by its Taylor representation

X0
f(x;y)=_ i i(xy);

=1

parameters ;. For example for degreg = 2 there aran = (d+ 1)(d + 2) =2 = 6 basis
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functions, and for degre&there are ten basis functions. The vector notation

11
—~
N
—~
X
<
~
3
~
x
<
=

( xy)
A= (1w

allows us to simplify the expression fbrto
f(xy)= A" ( xy):

Suppose we are given a setloBD pointsp; = (X;;Vi;z)', i = 1 :::k with weights! ;
resulting from the gathering phase. Fittingfotorresponds to the minimization of the
squarez-distances

#
2

Xk
ak =m/in arg Ef(A)= i AY(Xisyi)  Z
i=1

As A is independent of the summation indext can be taken out of the sum resulting in

E/(A) = A'(FA 2f);

Xk
F= | L Cxisyi) Cxinyn)'s (3.2)

f= (O Xivyi)
i=1
with the symmetrian  m matrix F. The vectorA; minimizing the squared distances
can be found by setting the gradieng E?(A ) to zero, what yields

FA[ = f:

To solve these equations independent of a potentially sngymmetric matrix-, we
decomposed with an eigenvalue decomposition into an orthogonal maiand a di-
agonal matrix

F=00"

If the matrixF has full rankm, A, computest® 'O'f. Inthe case of a ranksmaller
thanm suppose the columns @f are arranged such that

=diag( 1;:::; 1;0;:::;0)
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and we set

3.3.3 Intersecting Higher Order Surfaces with a TangentialCircle

Now that we are able to t a higher order surface to a set of Wisg vertex locations,
we nally have to nd out how to compute the intersection okthangential circle with
the higher order surfaces. The tangential circle corredipgrto the coordinates,, and
Yian iS de ned by the two equations

Xtan = X

2 — 2 2.
ytan - y+Z-

The points on the higher order surface olzey f (x;y), such that we have to solve the
polynomial of maximum degrezd

Yan = Y2+ f2(Xan;Y) (3.3)

fory. In the case ofl = 2 the resulting quartic equation can be solved in closed féion.
higher degree an iterative solver is necessary. In our @rpets we restricted ourselves
to the case withl = 2.

After having solved equatioB.3 for y, we computed for each solutign the corre-
spondingz valuez; = f (Xan;Yi). Finally, we computed up to four potential prediction
angles ; and selected the one minimizing the absolute value. In tke c&no solution,
we used the bending angle prediction strategy of Touma aridn@m. In all measure-
ments we performed this happened in less than one percdm oftes.

3.4 Alternative Approaches

We develop alternative approaches for the prediction ofnibrenal component that
could replace the height eld tting. The rstis tting of inplicit function that are more
expensive to compute but do not depend on a good estimate tdrigential space of the
surface. The second is tting of spheres, what neither ddpem a tangential space but
iIs much faster to compute as implicit tting.
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3.4.1 Fitting of Implicit Function

In this approach, we make the tting process independert@idcal coordinate sys-
tem, we propose to t implicit function g(x, y, z) such thatetlzero set represents the
surface.

A polynomial function in three variables with maximum degdscan be written as

d(d+1)( d+2)
3

9(xy;2) = i (%Y 2);

j=1

(x;y:2)

11
-
L)
x
=
N
N—r
Q
=

+
=

=
j=8
&
~
x
<

N
N—r

t
B = 1y« vy d(d+1)( d+2)
6

allows to simplify the expressions gfto
g(x;y;2) = B (xy;2)

Suppose we are given a setlothree dimensional points = (x;;yi;z)4i=1:::k
with weights! ;. Fitting g corresponds to the minimization of the squared analytie dis
tancesy’(xi; ¥i; zi):

" #

>« 2
B, = ménarg ES(B) = Li BY( xi;Yi52)
i=1

As B independent of the summation indext can be taken out of the sum resulting in
2 — t .
Eq(B) = B'GB;

X( t
G= lNi(xsyz)(xiviiz),
i=1
with the symmetrik k matricesG. The minimum of the squared distances is achieved
by settingr g E{(B ) = 0 which yields

GBt =0
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Figure 3.7 Snapshot during the higher order prediction of the torusehgmblynomial implicit
function).

To solve these equations independent of potentially sargeymmetric matrice®& we
decompose them with an eigenvalue decomposition into d&ogonal matrixO4 and a
diagonal matrix g

G = 0Oy 905

If the matrixG has full rankm, B computes t@y 105. In the case when of a rank
m smaller thark, we suppose the columns Of; are arranged such that the eigenvalues
gi are sorted by decreasing absolute value. Then the eigem@g} corresponding to
the eigenvalue 4 with the smallest absolute value will minimize the squaredreand
we set
Bt = Ogx:

The same strategy of surface tting described before isofedd. To nd out the
predicted bending angle, we compute the intersection letwes tangential circle and the
higher order surface. Figu8shows an example. The intersection point is represented
by the violet ball.


./phd-Pics/StaticMesh/implicitfitting1.eps
./phd-Pics/StaticMesh/implicitfitting2.eps

3.5 summary 65

3.4.2 Sphere Fitting

Sphere based prediction is another predictor that estsrth& curvature from the
triangles adjacent to the reference triangle. Spheregtis based on the assumption
that four neighboring vertices (p1, p2, p3, p4) which areaomtanard, form an unique
sphere whose radiusand and its center coordinates; Yo, Zo) can be found by resolving
the following cartesian set of equations:

(Xi X0)?+(z z0)%+(z 2z0)%=r? i=1;::4

Figure show8.8higher order prediction based sphere tting. To the threatsmf the
reference triangle and the incident point in the adjacémtgle (left), we ta sphere with
radiusR; and centeC,. The radius of this sphere estimates the inverse of the tuevat
reference triangle. Similarly, on the right side we condtanother sphere with radiby
and centelC,. We compute the average of both radii, and with the pointe@féference
triangle, we reconstruct a new sphere with the averagesadikinally, we nd out the
predicted angle by intersecting the tangential circle hik new sphere (see the bottom
row of gure 3.8). Also, here, we choose the intersection point correspaidi the angle
closer to zero.

Similar to the surface tting, before tting, we considerafiollowing condition: if the
adjacent triangle is available and if the angle betweenditsial and the reference normal
is smaller than a given threshold. The radius is then de ned b

N+rre

.= >~ if two adjacents triangles are availble and t the condintio

3.4
r. orr; if only one sphere is available (right or left side) (3-4)

In the case of no reference spheres are t, then we use theargeadgle prediction
method of Touma and Gotsman.

3.5 summary

We have presented a higher order prediction scheme for gepomenpression, which
is based on the splitting of the vertex locations in its tanige and normal components
in the local coordinate system. The normal component isggit@as bending angle. For
its prediction, we rst t a polynomial surface to the prewsly encoded vertices in the
vicinity of the current gate edge. Then, we intersect thgeatial circle given by the
tangential components, which are encoded in advance, athdlynomial surface yield-
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(b)

Figure 3.8 Higher order prediction process based on sphere tting.. Tgphere to four points
that connect the reference triangle with its adjacent dedadangle. (a) shows the right side and
(b) the left side. Bottom: given the average radiuses of bwva spheres,we t a new sphere to

three previously decoded points.
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ing the prediction for the bending angle. We examined twaag@ghes to t polygonal
surfaces to a set of points. In the rst approach we t the drégx;y) of a polynomial
function de ned over the tangential coordinateandy. In the second approach we ta
polynomial implicit functiong(x; y; z) such that the zero set represents the surface. This
has the advantage that there is no need for guessing thenteaigpace.

We will see in chapteB the gain of our method is best for smooth objects, the prapose
gathering strategy for the t vertices ensures an improvwaiébending angle prediction
for all models. We showed that our approach can be combintdddifferent prediction
schemes for the tangential components, in speci ¢ the |gdoglram prediction rule and
the multi-way prediction proposed by Touma and Gotsnidm][and Cohen-Or et al25]
respectively, and allows to save in average one bit perxéotethe normal component
for smooth objects (see chap&r Higher-order prediction can also be combined with the
Angle Analyze 4] and we believe that it would also improve the compressioesray
one bit per vertex. We also introduced a new normal encodgwyithm based on sphere
tting to speed up higher order prediction. Hence, we t spi¢o a small number of
vertices as a fast compromise between graph tting and frapgle prediction.
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CHAPTER 4

Animated 3D Object Segmentation

Segmentation of dynamic 3D objects has recently gained nmietest and is used in
various contexts such as compression parametrizatiotraeiyng, morphing and skinning
mesh animation.

The aim of this chapter is to introduce new segmentatiortegjies to be used in
the compression of 3D dynamic meshes. We propose threeag@® based on region
growing, clustering, and adaptive clustering. The aim iddoompose the 3D deforming
triangular mesh into near-rigid components, i.e. to groegiges with similar motions,
then compress each group separately and thereby, to rdaicernputation complexity
and to achieve better compression performance.

These algorithms can be well applied to different kinds dbdaing meshes whose
connectivity and the number of vertices does not change towey, and no information
about how the motion is generated, is nhecessary.

4.1 Introduction

3D Mesh segmentation has become a necessary operation fgr apalications in
computer graphics and geometric modelling. It is a prodestsdivides a mesh into com-
ponents depending on the applications. The quality of thi#noakis strongly related to
its application which may impose different requirementd aeriteria. Various approaches
have been proposed for static meshes, including the regowimg, watershed, clustering
and spectral analysis methods.



70 Animated 3D Object Segmentation

While static mesh segmentation aims at detecting mearipgfts and subsequently
breaking the mesh into sub-meshes of similar speci c festwvithin a speci c context,
3D dynamic mesh segmentation approaches exploit tempdoatmation to partition the
mesh into quasi-rigid parts. In other words, 3D dynamic mesimentation approaches
group the vertices that undergo similar motion.

Different approaches have been proposed (see ch@ptdihe central aim is how to
partition the deforming mesh into quasi-rigid compone@scourse, this relies heavily
on the application and its objective. Generally, a partiig scheme that works well in
one application, may not even be applicable in another egidn. Indeed, some methods
were introduced speci cally for special kinds of input mesh For example, James and
Twigg's approach$4] performs well for virtual characters but not for extremegformed
animation sequences where most components are not rigid.

In the context of 3D dynamic mesh compression, segmentéicgrely used com-
pared with the huge number of algorithms proposed for staBshes (see chaptgy.
Lengyel [/7] proposed that one select a set of seed triangles randomlganpared their
trajectories. Triangles with a similar motion are combin&€ten the vertices are associ-
ated with the triangle whose trajectory best t theirs. Gupt al. B8 use a multilevel
k-waypartitioning algorithm41]. Mamou et al. 85] proposed that one partition the mesh
vertices into clusters whose motion can be described byuer®p af ne transforms, by
applying k-meansd0]. These approaches use the connectivity information fomasta-
tion, potentially also using the geometry information. &elly, any approach that only
uses connectivity-based clustering is not well-suitedymetry that changes over time.

An alternative approach has been proposed by Sattler etGH. [They analyze the
motion of each vertex independent of the connectivity imfation. They clustered the
trajectories of vertices using Lloyd's algorithm in comaiion with PCA. Then, they
compress each cluster independently. However, the expatahresults showed that the
cutting boundary may deviate from the deformable regiortsus] the property of near-
rigidity is not always obtained as cited ird].

Most of the current approaches are either computationapgmsive, or are not ef -
cient for our problem, due to using other criteria which may hour objective.

This chapter presents new segmentation methods for dynam@sh compression.
These approaches are designed so they can be combined evjilofiosed compression
schemes to achieve high compression rate with high quaaymnstruction.
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4.2 Qverview

Usually, the objective of partitioning a mesh in the contehdeometry compression is
to decrease the computational costs as well as to presergéotbal shape of the mesh be-
cause some compression algorithms such as some specgdltbabniques (DCT, PCA,
etc.) can destroy important features of the mesh.

Another objective is to nd near-rigid components to deetate the sequence of
meshes during a pre-processing stage in the compressielingip This leads to a more
compact representation. In all cases, the algorithm enepldg partition mesh vertices
into near-rigid parts heavily affects compression perfamge.

Our goal is to gather the vertices which have similar movemenerefore, perform-
ing segmentation for one frame using the spatial infornmatioly and then applying it to
all frames in an animation would not make sense. Moreovigeria based segmentation
process that works well for one frame may not necessarilypipeopriate or ef cient for
the other frames. We want to take into consideration botheimoral and spatial infor-
mation, i.e. consider the motion of the vertex and of its hbas over all frames. This
would allow us to gather the vertices into groups of neaidrigotion, and consequently
achieve better compression performance by using, for el@mQA. Thus, segmentation
is a crucial step in the compression pipeline. Its effectass lies in its ability to segment
an animated object into rigid-bodies.

This chapter presents new segmentation approaches fomitymaeshes. The rst
method is based on region growing. We involve both connigztimformation and the
vertex positions over time to gather the vertices of simmtertion. The algorithm starts
with several selected seed triangles and grows a regioanmamtally. The growing crite-
ria, or cost function that decides if a newly encounteretiexeran be added to the current
region, is de ned by the Euclidian distance of the vertexipos to the seed triangle over
time.

The second approach involves the geometry information drilg process of cluster-
ing starts with several seed points and de nes for each@lustie LCF. Then, it groups
the mesh vertices into clusters by analyzing the local nmatdative to a local coordinate
system de ned for each cluster, in which the cluster motidhbve encoded. The relation-
ship between the proposed segmentation and compressabegsss is an another reason
that let us to develop new clustering method that is moreablégtfor our coding. Indeed,
we are minimizing the vertex displacement relative to thé&&Gnhile the existing meth-
ods try to minimize certain criterion function using glolb@ture or distance function in
the global coordinate frame. Thereby, they are not ef cfentour problem. The results
of both of the proposed segmentation methods depends onitiaéseed selection.
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The third approach, which uses an adaptive process, islinteml to nd a more exi-
ble clustering process. We want to minimize the deviatich&L CF to obtailow-motion
partitioning.

The idea is to start with an initial partitioning of very sialmber of clusters then
iteratively nd new see point, add a new cluster and updagepiirtitioning until the cost
function converges or the prede ned number of clusterstenaled.

4.3 De nitions

In this section, we introduce a set of de nitions and notatishich will be used
throughout the current and the next chapters.

LetMy; My; M3; :ii; Mg be a sequence &f meshes. Each mesh; is called frame or
mesh frame. V and T are the numbers of vertices and trianglg®imesh, respectively.
Both V and T are constant over time. L@&tbe the set of all vertices (vertex position and
index) in a mesh. The segmentation of the misimeans partitioning the mesh into N
subsets of element, i.e.:

Gi = G; Gi G, G\Gj=;; 1;j=1,u5;N; 16]

G; is characterized by; vertices

For a sequence ofmeshes,(Bétbe tha th segmentofthé thframe,i =1;::;N
andf =1;::;F. Asingle segmen®; thus consists of segments (one for each frame):

Gi=fG; GGGl g

The segmentation process depends on the criteria usedimatsssertices to segment
G;. This criteria is chosen as an objective function that ddpem the application or the
context of segmentation. The segmentation can then betraatan optimization problem
of given criteria.

4.4 Region Growing based Approach

This approach assumes that all meshes have the same cuitpettie basic idea is
to grow regions starting from several seed points. The reggoow uniformly around the
set of selected seed points by rst traversing the closegthbering vertices over time
until all vertices of the mesh are visited. Each region is alslled segment.



4.4 Region Growing based Approach 73

4.4.1 Segment Initialization

The segmentation process initializéssetsG; of V; vertices, wheré = 1;::;;N. All
sets are empty and all vertices are marked as unvisiteagstti

4.4.2 Seed Selection

To collect the mesh vertices inbd regions, it is necessary to seléttseeds using, for
example, the far distance approad2:

1. The rst seed is the vertex corresponding to the largesligian distance from the
geometrical center of all vertices in the rst frame.

2. The next seeds are selected sequentially untN edbeds are selected. After select-
ingi 1lseeds, the th seed is the vertex with the farthest distance from the set
ofi 1already selected seeds, that satisfy : max(min(distaate@wv, seed ))),
wherej is a seed vertex in the set bf 1 seedsy is a vertex from the remaining
mesh vertices.

3. The process above is iterated untilMliseeds are selected

We associate with each seed one of its incident trianglesalhthis triangle the seed
triangle. The regions are initialized &8, ;; Vi ,; Vi.;) the three vertices of seed triangle of
i-th segment.

4.4.3 Mesh Growing Process

This algorithm grows the regions starting from the seeaglies. Every region has an
interior, i.e. all triangles that belong to the region, amdeaterior, i.e. all triangles that
have not been visited. Every region has a queue associated which consists of edges
who separate between the interior of the region and theiexter

The queues drive the growing process. Every edge conneat8iamgles, one inside
the region and one outside the region, which is calledradidate triangle The vertex of
the outside triangle that does not lie on the edge is calleahaidate vertexThe queue
of every regionG; is initialized to the (three) edges of its seed triangle. &tiges of the
gueues are sorted by the distance of their candidate vetodbe seed vertex; we use the
average of all position of a vertex in all frames as vertextpns

We iterate over all regions and for every region we add thelickate triangle whose
candidate vertex has the lowest distance to the region.cEmdidate vertex can easily be
found because it is the candidate vertex of the top-most etifee region's queue. The
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iteration stops if no more edges are in the queues. (i.e. me candidate vertices exist
and all triangles are sorted into the regions).

When a candidate triangle is added to a region, it is markedlséted. The queue is
updated by removing the edge and by adding the two remairdggseof the candidate
triangle.

4.4.4 Results

The region growing based segmentation algorithm is testexdweeral different anima-
tions. Figuredt.6 and4.7 illustrate some results for segmentation into differennhber
of regions. Figurel.6 shows sample frames from the dance and chicken animatigns se
mented intdl4 and20 segments, antl0 and18 segmnets, respectively. Figuter shows
samples frames from the elephant, dolphin, and cow animagegmented int®0 and
20, 9 and20, and6 and20 segments, respectively.

4.5 Clustering based Segmentation

The basic idea of this algorithm is to transform the origimaltex coordinates into
severalLCFsde ned by seed triangles. OrieCF (one seed triangle) is associated with
each cluster. Then the clustering is obtained by assighiegertices to the cluster where
they have minimal local coordinate variation across theafmfs. Minimal coordinate
variation means that the vertex and the LCF have very similation. Note that this
approach needs the connectivity only once to construct @fe Lhe clustering process
consists of the following steps:

4.5.1 Initialization and Seed Selection

Similar to region growing based segmentation, the algorithitializes theN setsG;,
wherei = 1;::;; N, to be empty and all vertices are unvisited. Then it seleotsnaber of
vertices using the approach described above. After chgd$iseeds, we associate with
each seed one of its incident triangles (seed triangle)nTéech cluster is initialized with
its three vertice$v;.1; Vi.2; Vi.3) of seed triangle oi-th cluster.

45.2 Local Coordinate Frames Construction

Figure7.2illustrates the LCF which was used in the clustering proc¥gs assume
that each cluster is initialized with a seed trian@le;; vi.2; Vi.3), and the positions of its
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seed triangle

Figure 4.1 lllustration of the local coordinate frame

vertices argpy; p2; P3), respectively. Each clust&; has its ownLCF de ned on the
seed triangle. The origia is the center of one of its three edges (typicdfy; p2)), the
x-axis (red arrow) points down the ed{j ; p.), they-axis (green arrow) is orthogonal
to thex-axis in the plane of the seed triangle and zhaxis is orthogonal to the- andy-
axis. The transformation of a poiptto its local coordinate systegqican be accomplished
by an af ne transformation with a translatianand a linear transformatioh:

¢=T(p o0

T is an orthonormal matrix, it meafds 1= T

For a sequence of meshes, for each frdnfé@ f  F) and for each frame cluster
G 2G (1 i N), wecomputedT!;ol gfrom the points of the seed triangle
(Pl i Pi.2: Pia)-

Note that there is no restriction on how the local coordisae reconstructed upon
the seed triangle. The origin also can be the center of thiets@agle or one of its three
vertices.

4.5.3 Vertex Clustering

Given an unvisited vertep(f(, we do the following: First, we transform its world coor-
dinates into thé local coordinate frames constructed in each frameo: {q;" ;92" ; 90 b,
(f =1;::;F). Second, we compute the total deviation (motion) of theexebetween
each two adjacent framésandf 1 in euclidian space, which is also equivalent to the
displacements in the LCF:

x
wi = kgg g 'K (4.1)
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Figure 4.2 lllustration of the local coordinate frame

ki represents the total motion differences of the veki@x the LCF associated with the
clusteri. A small value means that the vertex position has motionithaimilar toG.
Thus the vertex should belong to the clustéor which the deviation is very small, note
imin - Equivalently, we want to minimize the vertex displacemarihe LCF:

Imin := argminy ; nf ki0 4.2)

We iterate over all vertices, adding the unvisited vertexséhlocal coordinates are
almost invariant in th& CF to the clusteG.

The iteration stops if no more candidate vertices exist. Wéh@ertex is added to a
cluster, it is marked as visited. We end up withclusters that hav¥; vertices each.

45.4 Results

The output of the clustering process is shown in the gutésand4.9. Figure4.8
shows sample frames of dance, and chicken animations ddsitgo14 and20, and10
andl8clusters respectively . Figue9shows samples frames from the elephant, dolphin
and cow animations clustered irt@and20, 9 and20, and6 and20clusters, respectively.
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4.6 Adaptive Processing

The clustering approach basically consists of two passegenG desired number
N of xed clusters,N seed points are selected using the distance approach. fheen,
vertices are grouped into hierarchical clusters so thav#neces belonging to a cluster
have a smaller deviation in the LCF of their cluster than tiweyld in the other clusters.
In order to nd better clusters and to make the process mortble, we designed an
adaptive process. This is an enhancement to minimize thiateevin the LCF so as to
obtainlow-motion partitioning

The idea is to start with an initial partitioning &fclusters (typically 1 or 2) then iter-
atively add a new cluster and update the partitioning uhéldost function converges or
the prede ned number of cluster is attained.

Initial Seeding and Clustering

Givenk seed points, we partition the vertices ilalusters by minimizing the cost
of function4.2 as described before.

New Cluster Insertion

In order to nd better partitioning, in each iteration steg rst go through all clusters
(L N) in the current partitioningR; and nd the clustefi,, with maximum
average deviation-maximum cost function:

. 1 X°?®
Imax 1= argmaxy i nfo ki (4.3)
' k=4
This means that the clustigr,, contains some vertices whose motion is not similar to
the cluster motion. Therefore, within it, we pick the vertgx, with the large deviation

in the local coordinate frame.

Vmax = argmaxs k v T kime 9 (4.4)

Vmax IS chosen as a new seed that creates a new cluster, and osi@ofdent triangle
is selected as seed triangle.

To obtain a new partitionin® ;.1 , we update the clustering as follows: upon the new
seed triangle we construct a new LCF, we add a new clusteinéradize it with the three
incident vertices of the seed triangle. The existing chsséee newly initialized with the
vertices of their seed triangles. Then, by minimizing thstéonction4.2, the vertices are
assigned to the correct cluster.
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The iteration process stops when the maximum number ofeslissachieved or when
the overall average deviation is below the speci ed thrédho

For further improvement, a pair of clusters can also be niekgleen the average
deviation of the resulting cluster is less than the averageation of both individual
clusters. Likewise, a cluster with very few vertices (tyglig 3 or 4 vertices) can be also
deleted and its vertices newly clustered.

4.6.1 Results

Figures4.10shows sample frames of dance, and chicken animations adlgptius-
tered into14 and 20, and 10 and 18 clusters respectively . Figu#11shows samples
frames from the elephant, dolphin and cow animations adalgtclustered intdlO and
20, 9 and20, and6 and20clusters, respectively.

4.7 Evaluation of Segmentation Approaches

It currently says that the evaluation of the segmentatiarcgss is dependent on
whether or not the segmentation process makes the rightesggmThis is a tautology.
In the context of compression, a good segmentation prosehe ione which leads to the
best bit-rate compression — of course, if the complexityeginsentation and process time
is excluded. The goal of the segmentation in this thesis gather the vertices of similar
motion. Thereby, the redundancy existing between the seguef frames is reduced a
priori. The process should assign each vertex to the sedehesier where its deviation
(motion) is relatively very small or it motion with the grougpalmost rigid.

To evaluate the quality of the segmentation approachesee® to de ne some metric
or error. Therefore, we decided to use the cost function uséte clustering approach.
This function provides a very ef cient indication of how siiar the motion within a group
of vertices is. The idea is to assign to each group one LCFdssribed in sectiod.5).
The coordinates of vertices are then converted into LCF @f segment/cluster and the
motions between each two successive frames are computedndton deviation is also
de ned as residual motion.

The average deviation of each gra@pis de ned to be the average of motion vertices
between two successive instants over all frames, in the LCF.

;(% >(/C kqi;f qi;f lkZ)
F(M 3) “ “

f=1 i=4

Deviation aver (Gi) =
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F is the number of framey/; is the number of vertices iG;. i is the cluster index.
gy is the local coordinates of the vertksin framef . It starts with the index. The rst
three verticed, 2 and3 were used to construct the LCF.

The accuracy of segmentation is then de ned by the averagetten over all seg-
ments/clusters.

Deviation 4. (G) = Niw Deviation (G;)
i=1

whereN is the number of segments or clusters.

Intuitively, the vertices that belong to the cluster shduéde minimum residual mo-
tion in the LCF of their cluster, meaning that their motiomeatively almost invariant.
Thus, better segmentation is the one that leads to smalati@viover all groups (the
differences between two frames tend to be zero) and theretbgricompression perfor-
mance can be achieved by using for example predictive cqdmwe will see in the next
chapters).

Figure4.3illustrates the average displacements or the averagedratirclusters (or
segments) of the chicken, dance and cow animations. Thedlugapproaches are more
ef cient than growing region based approach. The perforoeanf the clustering comes
close to the adaptive clustering approach where we obtagmMariation of the vertices in
the LCF (almost rigid) than in the region growing approaes$lrigid). Thus, the removal
of the redundancy a priori seems to be very ef cient, allogihe predictive and spectral
methods to be ef ciently performed for further compressfalso see sectiof.9).

Note that since we use a metric which is similar to the one dsethe clustering
approaches, it is obvious that their results will be bettemtthe results of the region
growing approaches. However we found that this metric idtst one that can be used
for our measurement for our algorithms and t the goal of segtation and compression.

4.8 Computation Time

Table8.6shows the run time for different segmentation approachles.sécond, third
and fourth columns show the number of frames, vertices aaddies in each model,
respectively. The column RG lists the time required for eeggrowing segmentation.
The column Clu lists the time needed for clustering processel column AdaptClu
list the time needed for adaptive clustering. The timingitsswere measured on AMD
Athlon(TM)XP 3000+, 2.10 GHz, 1.00GB of Ram.

Region growing is intuitively the fastest approach. The patation is done in the
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Figure 4.3 Evaluation of segmentation approaches.
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world coordinate system while clustering approaches regextra time for transforma-
tion. Indeed, in order to determine the correct cluster tectvkach vertex should belong,
we have to computéd  F times transformations from WCF (World Coordinate Frame)
intoN F LCF per vertex. In the adaptive process, which starts witmaial number

of seed selected by distance approach as described before, thef mstdgN k)

are selected incrementally and new clusters are createglniiimber of transformations
per vertex is abolk F +F jN:kj making the run-time longer.

Table 4.1 Timing statistic for segmentation results on differentaaiions in seconds (sec). RG:
Region Growing, clu: clusters and adaptClu: adaptive ehirgg.

Models || vertices triangles frames N | RG (sec)| clu(sec)| adaptClu (sec
chicken 3030 5664 400/ 5 0.14 3 14
10 0.14 7 45
20 0.30 15 184
30 0.36 23 385
40 0.41 31 644
dolphin 6179 12337 101} 5 0.23 1 6
10 0.28 3 23
20 0.33 7 80
30 0.39 10 173
40 0.45 14 299
cow 2904 5804 204 5 0.2 1 6
10 0.24 3 22
20 0.27 6 77
30 0.30 10 164
40 0.33 15 288
dance 7061 14118 201 5 0.5 4 16
10 0.56 12 54
20 0.63 16 187
30 0.7 24 398
40 0.78 36 702
elephant|| 42321 84638 48| 5 0.92 6 25
10 1.31 12 78
20 1.63 23 270
30 1.95 35 578
40 2.34 47 995
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Figure 4.4 Clustered dance animation. The region (A) shows a clustrithalmost rigid.
However, it is not necessary to group the vertices int twatels at (B)

4.9 Discussion and Summary

In this chapter, robust segmentation approaches wereragekigr all types of anima-
tion including high deformable animations.

These algorithms are tested on different mesh animatiamsrgeed in different ways.
Figure4.5summarizes the results of the three segmentation appreaébemore results
seed4.4.4 4.5.4and 4.6.1

The region growing based strategy is simple and fast. lwallone to group the
vertices through connectivity and their distance to theldeangles assuming that the
connectivity remains constant over a time.

In contrast, the second strategy is based on the clusterotggs and does not need
the connectivity information, except during LCF constract The process assigns each
vertex to the cluster where its displacement is relativegy\vsmall. In both techniques,
the number of segments is given a priori and the seed poiatxed using the distance
approach. In order to overcome this limitation and to oblesm-motion partitioning, an
adaptive clustering strategy is introduced. The procestustering incrementally creates
seeds and updates the clustering.

Dynamic 3D mesh segmentation aims to group the verticesmfasi motion for all
types of animation. However, the vertices may not alwaysrbaed into visually mean-
ingful parts but can be grouped into groups of similar magtgurch as dance animation.
For example, in gure4.4, the region (A) of the gure visually may be not well seg-
mented visually and it would be better if the vertices arersagted in such way that two
regions are created at (B). In contrast, in our context,ghimation is well segmented be-
cause the vertices in this region have similar motion oveetas seen in the four frames
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(3; 56,92 137). both sides of (B) move almost rigidly over time.

In order to evaluate the segmentation approaches the desptnt between frames is
measured. We found that this measurement, which is demeedthe cost function (used
in the clustering), is well-suited for evaluation. For exaenin the prediction phase, we
want to have a prediction that produces a small predictioor.eGo00d segmentation, is
then, the one that produces small clusters of similar motieaning that if we predict the
vertex coordinates from the previous frame (displacemmeta}ive to the LCF, the error
would be very small.

Visually as well as metrically, clustering approaches bihetter partitioning than
the region growing based algorithm.

For the computation time, the growing region based algoriih very fast compared
with the clustering approach. This needs to transform theddamordinates into local
coordinates, thereby more time is required. The procedsimg becomes longer when
adaptive clustering is used.

Note that the processing time grows with the number of clasted segments as
shown in gure8.6

Unfortunately, we could not compare our approaches witsterg techniques for sev-
eral reasons. First, their implementations are not avalaBecond, our algorithms are
designed with respect to the proposed compression teatsliqueaning they are tailored
to tthe encoding algorithms to achieve better compresgieriormance.

Each cluster or region is initialized with a seed triangtent which we construct an
LCF. By assigning the vertex to the cluster in which its defation over time is small,
we are able to segment the dynamic mesh into approximatgtycomponents, and quasi
invariant to their LCF. Then each cluster will be encodedsrLiCF.

It is important to note that the process of clustering cangam @s minimization of the
vertex displacements relative to LCF. Consequently, periag for example the predic-
tive coding leads to prediction errors that are very sma# (shapter). And performing
PCA in quasi-invariant region will lead to more compact esantation than quasi-rigid
component. The algorithm will require fewer principal camgnts at similar reconstruc-
tion error than with global PCA (where PCA is performed onwimle animated meshes)
(see chapted).
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Figure 4.5 From top to bottom: results of region growing (RG), clusigr(Clu) and adaptive
clustering (AdptClu) approaches. Elephdfténd20 clusters), cow and20 clusters), chicken
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Figure 4.6 Results of region growing based segmentation. From top tiotno sample frames
from the danceX4 and20 clusters) and chickerl(Q and18 clusters) animations.


C:/Pics_Thesis/pics/dance_RG14_1.eps
c:/Pics_Thesis/pics/dance_RG14_20.eps
c:/Pics_Thesis/pics/dance_RG14_30.eps
c:/Pics_Thesis/pics/dance_RG14_50.eps
c:/Pics_Thesis/pics/dance_RG14_80.eps
C:/Pics_Thesis/pics/dance_RG20_1.eps
c:/Pics_Thesis/pics/dance_RG20_20.eps
c:/Pics_Thesis/pics/dance_RG20_30.eps
c:/Pics_Thesis/pics/dance_RG20_50.eps
c:/Pics_Thesis/pics/dance_RG20_80.eps
C:/Pics_Thesis/pics/chicken_RG10_394.eps
c:/Pics_Thesis/pics/chicken_RG10_313.eps
c:/Pics_Thesis/pics/chicken_RG10_280.eps
c:/Pics_Thesis/pics/chicken_RG10_240.eps
C:/Pics_Thesis/pics/chicken_RG18_394.eps
c:/Pics_Thesis/pics/chicken_RG18_313.eps
c:/Pics_Thesis/pics/chicken_RG18_280.eps
c:/Pics_Thesis/pics/chicken_RG18_240.eps

Animated 3D Object Segmentation

Figure 4.7 Results of region growing based segmentation. From top tioftno sample frames
from the elephani(0 and 20 clusters), dolphing and 20 clusters) and cowg(and 20 clusters)
animations.
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Figure 4.8 Results of clustering approach. From top to bottom: santpl@més from the dance
(14 and20 clusters) and chickeriLQ and18 clusters) animations.
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Figure 4.9 Results of clustering approach. From top to bottom: sampenés from the
elephant{0 and20 clusters), dolphinq and20 clusters) and cowgand20 clusters) animations.
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Figure 4.10 Results of adaptive clustering approach. From top to bottwample frames from
the dance14 and20 clusters) and chickerlQ and18 clusters) animations.
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Figure 4.11 Results of adaptive clustering approach. From top to botwample frames from
the elephantl0 and 20 clusters), dolphinq and20 clusters) and cowgand20 clusters) anima-
tions.



CHAPTER b

Connectivity-Guided Compression of 3D dynamic
Meshes

This chapter aims at compressing animated objects refegsby triangular meshes
of xed connectivity using predictive technique. We propas new connectivity-driven
coding which we call SplitCoder. The connectivity is encbasce then the geometry
(vertices locations) is encoded by a connectivity travyesséhe mesh. Connectivity de-
termines the order of the vertices and provides informdbopredictions. The algorithm
is near-lossless, simple, ef cient, fast and well-suitedrial time applications.

5.1 Introduction

Often, the meshes differ only slightly between neighboffiagnes, leading to large
amounts of inherent redundancy between frames and betwsighboring vertices in
the same frame. Thus, the static mesh compression teclsniqguéhe compression of
sequences of meshes independently are inef cient. Thexefor ef cient coding, one
should also exploit inter-frame coherence. There are akugteria by which developed
coding techniques can be distinguished. One of these iariewhether coherence is
globally or locally analyzed. In a global approach, on migkamine the entire mesh (or
submesh) sequence by using, for example, a principal coem@malysis (PCA) trans-
form. Locally, one might focus on frame to frame changes tol@klocal coherence
by using, for example predictive coding. In this work, weudsmn local compression
schemes based on the predictive coding. Such schemes tbadgtmple, fast, and well-
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suited for real time application (unlike PCA based appreathWe categorized this ap-
proach vertex based-predictive coding.

Given a number of framebi;, f = 0;1;:::;F, a predictive method assumes that
connectivity does not change over time. For each newly amteoad vertex in the current
frame, its location is predicted from the locations of néighvertices in the current frame
or/and in the previous frame(s). Then, the error betweermtiggnal vertex location and
the predicted vertex Iocatiqmf is compressed to a user-de ned error.

Prediction step is the key of the good compression rate and geediction lie in its
accuracy. Thus, the more the predicted point is close thebgosition of the vertex, the
more the prediction good is and the lower entropy of predircérrors is achieved.

Current predictive methods predict the position of theeserither in global coordi-
nates or in local coordinates. However, almost all methtmesur knowledge, compute
and quantize the coordinates of the residuals in world space

Local coordinate frames have many properties that are Liggfonany 3D animation
processing applications. One of these properties is clagtdehavior. Generally, the
3D positions of vertices are scattered over wide area antiéhavior of the vertices is
often non-linear. Fortunately, the correlation betweenrtbighboring vertices, as well as
between the successive positions of a single vertex, ishigty. In other words, neigh-
boring vertices tend to move together. Thus, we might expihis property to guess the
location of the vertex relative to its neighbors, to obtaletter prediction than space, time
or space-time predictions in world space would provide. réfuge, one can construct a
local coordinate frame upon the locations of three of thesghibors. The coordinates
of each individual vertex tend to concentrate around onatpmier time, which we call
temporal clustering Another clustering, which we cadlpatial clustering arises in each
frame: the model tends to form very few clusters (dependmthe model). The combi-
nation of both clusterings should yield signi cant redwctiin bit-rates.

In this chapter, we introduce new and simple predictive sehér single-rate com-
pression for animated meshes of xed connectivity (guidé@d)an be seen as generaliza-
tion of static mesh compression presented in chepteranimation case. Our geometry
encoding strategy is based on a region growing encoding ardkonly the delta vectors
between the original and the predicted locations are ermtoda local coordinate sys-
tem, which splits into two tangential and one normal compsieWe call this approach
SplitCoder
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5.2 Predictive Coding of the animated vertices

We distinguish three ways to encode the animated vertetipasi One way considers
each frame independent of other frames and uses only thengxg&atic compression
techniques such as the popular parallelogram and multipregiction. The second way
is to encode the trajectory of each vertex through time ieddpnt of the motion of its
neighbors, so only the temporal redundancy is exploitedpich} predictor is a rst-
order time only predictor that returns the position of thetexe in the previous frame,
eventually the predictor can be a higher order predictor. éarsophisticated way is
to join the coherence in both space and time domains to appab& the vertex motion
such as Extended Lorenzo Predictor (ELP), Replica PrediBi®) and Angle Preserving
Predictor.

ELP is an extension of the parallelogram predictor to inooge coherence over time.
Replica predictor expresses the location of the vertexemptievious frame as in a coor-
dinate system derived from the adjacent triangle. Thens#nee coordinates are used in
the current frame to predict the position of the vertex wébpect to the new location of
the same adjacent triangle. An algorithm similar to RepHoadictor is Angle Preserving
Predictor that preserves the angle between the refereaogle and the spanning trian-
gle. Our algorithm belongs to this category of predictivedzikcompression methods. We
let the connectivity information dictate the compressibammated vertices.

As aforementioned before, in world space, the coordindtesrtices scatter in a wide
range. In a local coordinate frame constructed upon eaeherete triangle, however, the
coordinates of each mesh vertices tend to cluster around pdimts and the trajectory of
each vertex tend to cluster around one points.

Since a good prediction is when the residual is small as msigossible, the estima-
tion can be done in the local space producing residual clogero, rather in the world
space. Thereby, the entropy of the sequence of the residuadsy small.

Moreover, a large of animated meshes are highly complex andixregular, thus it
is more advantageous to exploit the prediction and the cessprn of the residual in the
local than world space for example as is done here. This maig ayoor prediction that
may be produced using parallelogram prediction only, orlmoation with the temporal
linear prediction in the global coordinates.

We present a new single rate compression algorithm for aehmaeshes of constant
connectivity. We propose to move the coding of the vertextjpos into a new local co-
ordinate frame that splits the coordinates into two tangeanhd one normal components.
The tangential components describe the parametric infiomaf the shape while the
normal components hold the geometric information. Locatss exhibit higher temporal
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Figure 5.1 Multi-way prediction.

gateedge P

reference
triangle

Figure 5.2 Local coordinates represented as tangential coordimatesand normal component
given as bending angle.

and spatial clustering behavior than the world space. Lapkt a sequence of animated
meshes in model space, we observe that the meshes sharmth@sgential components
and that the surface animation can then be viewed as a verynlagnitude movement of
the geometric information only. The geometric informatiequite constant, at least over
a few frames. Therefore, our algorithm, after transfororgtpredicts and quantizes each
component in the new LCF and entropy is encoded.

Another advantage of splitting is that moving the tangermiordinates in tangent
plane of the surface may not alter visual error, while mowimg point on the normal
direction can cause visible artifacts on the surface. lreotords, visual distortion is
more in uenced by the coding of the normal component tharctiging of the tangential
components. This observation can be very useful when a mssypression is used. In
this chapter, we only considaear-losslessompression.

5.3 System Overview of SplitCoder

Given a sequence of triangle meshés; f = 1;::;; F with V vertices and= frames
(meshes), we encode the rst frame separately from the feébedrames in the sequence
using static mesh compression described in previous @r&pitThen we encode frame
by frame and vertex by vertex.

Our coding needs to store only the decoded local coordiradtédse vertices in the



5.3 System Overview of SplitCoder 95

Figure 5.3 Region growing.

previous frame and th@ecodedocations in the current frames, in buffer memory.

5.3.1 Mesh Traversal

The triangular mesh of each frame is traversed in a regiowiggporder (see Fig-
ure 5.3 as described in previous chapt&rwhich is driven by the connectivity coding
algorithm using a breadth- rst traversal of the connetyiafter the connectivity has been
decoded. One initializes the growing region, which corgdire so far encoded geometry,
with one triangle and encodes the incident vertex locationsicompressed form. The
three edges of the initial triangle are pushed onto a FiFe.tfdversal loop pops the cur-
rent rst edge from the FiFo and de nes it as the so called gattevhich the region grows.
The gate is incident to at least one triangle in the growimggore The other incident tri-
angle is added to the growing region if it is not already p#&it and new potential gate
edges are pushed onto the FiFo. Every time a new vertex isiatexed during the traver-
sal, one predicts its location from the so far encoded gegnietthe previous and the
current frames and only encodes the delta vectors betwegorédicted and the original
locations.

5.3.2 Geometry Coding

For the rst three vertex positions in each mesh componewn¢ mo local predictor.
Therefore, we predict them from their position in the prexgly decoded frame in world
space (delta coding), we quantize and encode delta vectdrgaonstruct the three vertex
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positions to then encode all following vertices in local spa

First, we construct the local coordinate frame by splittihg coordinates into two
tangential components and a normal component represepgtdnding angle (see Fig-
ure5.2). In the second step, we transform the original vertex ihlocal coordinates.
Next, we predict the two tangential components from theordmates in the previous
frame and compute, quantize, and encode the delta vectorawiarithmetic coder. We
simulate the decoding process during the encoding to maietsat we use exactly the
same information that will be available to the decoding &t during encoding. Simi-
larly, the bending angle is predicted from the bending angtbe previous frame. Again
we compute the delta angle, i.e., the difference from thalimgnangle measured from
the original point, quantize, and encode the bending deligea Finally, we decode the
bending angle also known by the decoder, transform the bimebded coordinates back
to the world system, and replace the original vertex locatth the decoded one, which
avoids error accumulation. Note that the decoded tandesdimponents and bending
angle stored and then may be used to encode the location eéittex in the next frame.

5.3.2.1 Transforming World into Cylindrical Coordinates

We follow the same strategy described in cha@tén construct the local coordinate
frame. We de ned the local coordinate system on the refexeénangle with origin o at
the center of the gate, x_axis along the gate edge and y_dkisgonal to x_axis in the
plane of the reference triangle. As a third coordinate, veetiis bending angle between
the normals of reference and spanning triangle resultiagciylindrical coordinate system
with r as radius. We also determine the z-axis orthogonal to x aards/_axis.

x =(p o) X
y =(p o) ¥
z =(p o) 2
¢ =Py

= atan2 (z;y)

The transformation back to world coordinates is simply
p=xX +rcos( )Y +rsin( )2+ o0

The results of the local space transformation are illustrat Figures.4and 6.1
Figure5.4 illustrates the behavior of two different classes of meshdecal space.
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Figure 5.4 Spatial clustering of two different type of model in spacedelo cow (2029 vertices)
and dance (7061 vertices) models. Left: the red points spamd to tangential components of the
vertices of the rst frame and the blue points correspond&rtworld coordinates x and y. Right:

the corresponding bending angles.
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The world coordinates x and y (blue points) of the verticestastributed over large inter-
val while the tangential components have a tendency to gaigether to form clusters.

Figure6.1shows the locations of a single vertex (dance animation)tove in world
and local spaces. The world x and y-coordinates and z-coates are represented by the
blue points in Figureés.1 (a) and (b) respectively, while the tangential and the bandi
angle are represented by the red points in (a) and (b) resgkyct

The world coordinates are scattered across a wide area &adba linear behavior.
In the local space, the tangential components are highlgerdnated around one point
(the red point in Figur&.1(a)). This means that parametric information does not chang
over time and it is shared by all frames. Therefore, the ptexi from the previous frame
would be very ef cient and produces delta vectors that amy genall or even zero. The
bending angles cluster around few points (the red pointgyarE6.1(b)). Their clustering
behavior is less pronounced than the tangential compobentbe bending angle is still
preserved between the adjacent frames and the prediotiontfre previous frame is very
ef cient. Of course that clustering degree varies depegdin the model.

5.3.2.2 Tangential and Normal Components Prediction

Once the vertex locatiop! is transformed into local coordinates de ned as tangential
components and bending an(méan;v ; T), each component is encoded separately using
predictive coding.

The prediction assumes that the tangential componentseotulrent point do not
change relative to the LCF, and that the curvature at thewjtitbe preserved indepen-
dently of the tangential components coding as mentionedeabo

5.3.2.2.1 Tangential Components
For each new vertex in the framef , one predicts its tangential components from the
decoded tangential component in the previous frimel by:

predictiy, (v;f) = ﬁ{an;]\-/

The delta vectors are computed:
\f/ = pIan;v prediCttan (V1 f )

5.3.2.2.2 Normal Component
Similarly, the bending angle is predicted by:
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(a) (b)

Figure 5.5 Temporal clustering of a single vertex. The blue points répresent the x and y
world coordinates and in (b) z world coordinates over timée Ted points in (a) represent the
tangential components and in (b) the bending angles over. tim

(a) (b)

Figure 5.6 The resulting differences between the original and theipted locations of a single
vertex over time, when temporal prediction is used in thdavand in the local space. In the world
space, the vectors are represented by three coordinatest y«@ordinates (a) and z-coordinates
(b), (blue points). In the local space, the differences amasented by 2D delta vectors (a) of
tangential components and delta angles (b) of the bendigig afied points) .
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predictang(v;f)= ~ !
The delta angles are computed:

! ! predictang(v;f)

The predictor we introduced for both components duplicpgstectly the parametric
and the curvature information from frame to frame. It is gdodmeshes with smooth
or/and sharp creases, and whatever the motion the veriicksgo.

Figureb.6illustrates the results of the delta vectors and angles ofgdesvertex over
time. The blue points represent the differences betweemrigeal and the predicted
coordinates from the location in the previous frame in theldvepace. The red points
de ne the delta vectors and angles in the local space. The #lettors tend to be zero
((0,0)), which tells us again that the parametric informiatiioes not change and that the
prediction is (or near) optimal.

The predictor described in this section duplicate exatté/garametric and the cur-
vature. Thus, we call iDuplicata Predictor(DP). We also implemented other predictors
such us space-only predictor and space-time predictochaiuill be described in chap-
ter 8 with the experiment results.

Note that unlike the current predictive animated mesh cesgon technique$6,

45, 63, 113 where the delta vectors are encoded in a world coordinatedy here they
are computed in the local coordinates and each componemtdsled separately.

5.3.2.3 Binary Coding of Coordinates

For further compression, the coordinat88 ¢r 64 bits) are often quantized to a user
speci ed number of bits per coordinate relative to the maxamextent of the bounding
box of the model. In the case of an animation, the quantizatimften performed ac-
cording either to the tight axis-aligned bounding box focteframes!, ,, or to the largest
bounding box for all framesyax = maxfel, ., ;f =0;::;Fg. In our algorithm, we con-
sider the largest bounding beya.y for all previously visited frames. The tangential delta
vector is then quantized to a user speci ed number ofdpits

X

y

bx=enax 2%+ 1=2c
by=6nax 2%+ 1=2c

For the angular component, one has to consider the radies ¢y the y coordinate
of the cylindrical coordinate system. Computing the argtaryields

= by =emx 2°+1=2c
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At reconstruction, the tangential components are rst diech sincey needs to be known
before can be decoded.

as illustrated in gureb5.6 the delta vectors tend to be smaller than delta angles.
Thereby, the entropy of the delta vectors will be lower thzett bf the delta angles. For
entropy coding, it is more advantageous bene cial to encbdealata of lower and higher
entropy separately. Therefore, we encode the resultimgedigteger values of delta vec-
tors and angles separately with an adaptive arithmeticrdd@d], using different coding
contexts.

5.3.3 Geometry Decoding

The decoding algorithm uses the same traversal of the ctwiyecFirst we decode
the rst frame and the locations of the rst three verticeseaich component. Then for
each new vertex in the current frame we do the following: wat uild the local coordi-
nate system, we predict the tangential components, we edguantization of tangential
delta vectors and we compute tangential components. Théndmormal component, we
predict the bending angle, we undo the quantization of @geltde and compute bending
angle. Finally, we transform the local coordinates back ¢olgvcoordinates.

5.4 summary

We have presented a new compression scheme SplitCoderifoataad meshes with
constant connectivity. Our coding traverses the triangukash of each frame in a region
growing order. Every time a new vertex is encountered duttiegtraversal, we split its
position into its tangential and normal components. Thes,ewcode each component
separately using prediction and quantization coding.

We showed the coordinates in tangential and normal spadebiekigh temporal
clustering behavior that is well-suitable for temporalgiction in model space rather
than in the world space. For both components, we implemediféetent predictors:
space-only predictor, time-only predictor and space-tpregdictor. We will see in the
experiment results that time-only predictor (relativehie tocal space) out performs the
other predictors.

Unlike the current predictive animated mesh compressicmiigues where the delta
vectors are encoded in world coordinate frame, here thegarputed in the local coor-
dinates and each component is encoded separately.

This approach exploits the coherence frame by frame anéwest vertex, the next
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chapter will propose an new approach that exploits the @viver over all frames once
and represents the set of vertices by very few componentsaafcients.



CHAPTER O

Motion based PCA Compression

This chapter aims at compressing animated object usingipahcomponent analysis.
The approach rst segment a mesh into several segmentssiecswsing region growing
based algorithm and motion based clustering describedawviqus chapter. The goal
behind the segmentation is to gather the vertices which bem@ar motion. Each set
of vertices is then ef ciently encoded using the PCA in thedbcoordinate frame. We
also introduce the rate distortion optimization for PCA iogd Our main objective is
to achieve an optimal tradeoff between the bitrate and tladitguof the reconstructed
animations.

6.1 Introduction

In previous chapter we presented near-lossless compndsaszd on predictive cod-
ing. The coding of the geometry is dictated by the conndgtiviihe coding is classi ed
with the local compression techniques which exploit theezehce frame by frame. This
chapter present a new technique based on PCA. This techisitpgsy compression and
belongs to the global techniques that exploit the cohereneeall frame once.

The advantage of using PCA is that it captures the linearetairons present in the
datasets. The set of vertices can be represented by veryofewanents and coef cients
depending on the user's desired visual quality. The PCA is@gompressor for rigid
motion and provides a more compact representation for teafiponvariant meshes. In
many applications, however, animated meshes exhibit yigbhlinear behavior, which
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is globally dif cult to capture using standard PCA. Localtiie neighboring vertices have
a strong tendency to behave and to move in a similar way. Thénsar behavior can
therefore be described in a linear fashion by grouping timeces of similar motion into
clusters or by segmenting the mesh into meaningful partsn HCA is performed in each
group. The process to construct this representation isctalbcal Principal Component
Analysis (LPCA).

On the other hand, introducing a local coordinate fraln@F) in each cluster may
lead to extra clustering of the coordinates before perfogtihe PCA. If the segmentation
or clustering process is ef cient then it would be highly pable that these coordinates
change very slightly relative to the coordinate frame oirtbleister. Of course, the number
of clusters/segments will also affect the compressionhdfnumber of clusters is very
small, then a cluster might contain vertices that have diffebehaviors. To overcome
this problem one might possible improve on the present ambrdy automatizing the
selection of the number of clusters.

Figure 6.1 demonstrates the idea of using local coordinate systenturdé®.1 (a)
shows the path of six points of a dance animation in the waslatdinate system. Note
the highly nonlinear behavior of the trajectories. Fig6ré (b) shows the path of the
points using a local coordinate system. Note the relativallschanges and the tendency
of the trajectory of individual points to cluster. In preugchapter, we used for each new
vertex one local coordinates frame constructed upon puslydraversed frame. Here, we
construct one local coordinate frame for each group of @esti Thus, if we use clustering
based segmentation, we will need the connectivity infoiomadnly once at reconstruction
of the LCF for each segment or cluster.

In our approach, we perform a PCA on the local coordinateesysather than the
world coordinates. The advantage of combining PCA with It is now obvious:
if the motion of a group of vertices is rigid in the world coordtes, the positions of
the vertices are slightly invariant relative to theiCF. Therefore, performing a PCA in
these invariant groups of vertices leads to a more comppsentation than the original
data, and a large number of PCA coef cients are close to z&rmrder to achieve an
optimal tradeoff between the bitrate and the quality we hiatreduced the rate distortion
optimization for PCA based on an incremental computatiatmefconvex hull 121]

6.2 Overview

For animated mesh compression, we present a new technigad ba the local PCA.
The basic idea is to aggregate the vertices of similar trajess using region growing
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(@) (b)

Figure 6.1 The position of six different vertices over time (illusedtwith different colors) are
represented with global coordinates (left) and local coatgs system (right).

algorithm or a clustering approach, then transform theiaigpositions of the vertices
into the local coordinate frame of their segment/cluster.

This automatically "transforms” the nonlinear behaviottied original vertices into
the clustering behavior which is very well compressiblee VRrtex positions will tend to
cluster around the same position over time (see&.8). Thus, the segments themselves
are almost invariant to any deformation. A PCA is then penfed on each segment such
that the (local) vertex coordinates are transformed intalar basis which allows for very
ef cient compression. An error accumulation scheme erstinat the decompression
does not introduce severe artifacts.

Our clustering process (eventually the region growing aggh), produces clusters
of different sizes. If one chooses a xed number of basis mector all clusters, then
there may be too few eigenvectors to recover the clustergtee at a desired accuracy
and eventually too many eigenvectors for other clusterchviie callunder tting and
over tting, respectively. Moreover, the number of bits needed to emtloe unnecessary
basis vectors imver tting cases may be better allocated for other clustetster tting
cases. Therefore the selection of the best number of basisrsdo be extracted from
animation data is necessary to properly recover the olligiatg of each cluster with a
certain accuracy. We introduce a rate distortion optinzethat trades off between rate
and the total distortion. To our knowledge tt@mbination of local coordinates and PCA
with the optimization procedsas never been performed before. We call our approach
Relative Local Principal Component Analysis (RLPCA) coegsion. We use the term
Relativeas the LPCA is performed in local coordinates.
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Figure 6.2 lllustration of the local coordinate frame

Figure 6.3 Compression and decompression pipeline.

As the connectivity of the animated meshes remains conetattime, we encode
the connectivity once.

6.3 Compression pipeline

In this section, we describe in detail the core of our conmgoesalgorithm for the
motion of vertices of animated triangle meshes. An ovenoésompression and decom-
pression pipeline is illustrated in Figues.

Given a sequence of triangle mesiés; f = 1;::; F of constant connectivity with/
vertices andF frames (meshes), we rst group the mesh vertices Mitsegments, where
each segment contaiis; i = 1;::; N; vertices.
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6.3.1 Segmentation

Segmentation is an important step in our algorithm. Indéled,compression per-
formance depends on the segmentation into correct grougnimg that the better the
vertices can be partitioned into almost rigid parts thedsdCA based compression will
be.

Basically, two simple and fast segmentation algorithmsiudlesd in chapted were
used:

Region Growing: This approach assumes that all meshes hasatne connectiv-
ity. The basic idea is to grow regions starting from sevesabspoints. The regions
grow uniformly around the set of selected seed points bytnatersing the closest
neighboring vertices over time until all vertices of the imase visited.

Clustering: The basic idea of this algorithm is to transfah@ original vertex co-

ordinates into sever&lCFsde ned by seed triangles. One&CF (one seed triangle)
is associated with each cluster. Then the clustering isimddaby assigning the
vertices to the cluster where they have minimal local cowtdis variation across
the F frames. Minimal coordinate variation means that thitexeand the LCF have
almost similar motion. The clustering is also developeddamive way but the

process becomes more slower.

6.3.2 Transforming Vertex Positions into the Local Space

Expressing the vertex locations in a LCF is an near optimal efeexhibiting clus-
tering behavior. It makes the clusters quite invariant diee to any rotation and/or
translation. This representation can be very compressiitethe PCA. This is one of the
key features of this new algorithm.

After segmentation, the world coordinates of the vertidesach segment are trans-
formed into local coordinate frame of their cluster as diégct in chapte#. In the case of
the clustering approach, we transformed the vertex coateminto LCFs to nd out its
true corresponding cluster. To avoid a second transfoamatito LCFs during compres-
sion, we store the local coordinates once during the clunstéor further compression.

6.3.3 Compression of Local Coordinate Frames

Once the mesh vertices are clustered, their coordinateragsheed to be encoded
using PCA. In order to be able to transform back to the worldrdmates during the
decoding step, we also have to encode the world coordinakeqifoints of seed triangles
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(used to construct the transformations). The af ne tramafttion should then be correctly
computed (at decoding) without loss of information. We e to encode the seed
triangle points separately with delta encoding.

Given the sequence of the seed triangle pOGp% ; piz;f ;pi:i,f ), we rst encode their
world coordinates in the rst frame. Then, the differencedvieen each two adjacent
frames in the sequence are computed. To avoid error acctiorulduring animation,
these residuals are computed between the coordinatesmﬂiﬂrt@};f in the current frame
and their recovered coordinatpg Lin the previous frame:

i=p B L (=123

wherei =1;::;;N andf =1;:::;F.

6.3.4 Principal Component Analysis

We adopt the PCA to compress the resulting local coordinestiems of each segment.
The objective of the PCA is to reduce the dimensionality odtadet. It determines linear
combinations of the original datasets and represents them orthogonal basis.

For a sequence &f frames of3V dimension each, PCA produces a reduced number
L  F of principal components that represent the original désase

We now consider how a cluster evolves over the frames of timation. LetG! be
thei-th cluster in thd -th frame,i = 1;::;;N andf =1;::;F. A single clustelG; thus
consists ofF clusters (one for each framé&); = fG!; G2;:::; GF g whereG! represents
the vector with the geometry of the clustan framef

Gl = (a4 a5 50l
whose elements are the local coordinates of corresponéitiges (except the coordinate
of the seed triangle). All these vect(ﬁé have the same leng8(V;  3), and construct
a geometric matriA; with 3V,  9rows andrF columns ¥, is the number of vertices of
the clusteiG). h i
A= GIGZ:GF

A singular value decomposition @ is
Ai =U i DiVit

whereU; is a(3V; 9) F column-orthogonal matrix that forms an orthogonal ba-
sis and contains the eigenvectors of thed;'. D; is a diagonal matrix whose nonzero
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elements represent the singular values and are sorted ieas@ng order. ThuB; =
diagf 1; ;5 0. VisaF F orthogonal matrix.

To reduce the datasets, we pick only the tsteigenvectorsl( is a user speci ed
number). SoLJi0 = fuy ;1 =1;:::; Lg contains the most important principal components
u; that correspond to the largest eigenvalugs::; . Then each cIuste(E{ is projected
into the new basi) | to get a new matrix of coef cient€; of sizeL  F.

After performing the PCA for all N clustei§, we getN new setf U;; U5; U g
and coef cient matrice$ C}; C5; :::; Cy, g with different sizes.

6.3.5 Quantization and Arithmetic Coder

For further compression, the oating-point value2(r 64 bits) are often quantized
to a user speci ed number of bits per coordinate relativeht® maximum extend of
the bounding box of the model. The quantized values are encwdgth an arithmetic
coder 123.

In the case of an animation, the quantization is often peréar according either to
the tight axis-aligned bounding box for each frame or to #rgdst bounding box for all
frames. Since we have to encode the basis vector values amddh cients rather than
the vertex coordinates, we use two different encoding ctsiteThe rst concerns the
matrices and the second the delta vectors. The basis nitend the coef cient matrix
Cio of each clusteG are truncated using a xed number of big and g. respectively
(typically qu = ).

We rst compute the minimum and the maximum val@@sin:i ; Umax:i )» (Cmin:i ; Cmax:i )
of U] andC| respectively. Let

€maxu; =  Umax;i Umin;i

€maxici =  Cmax;i Crnini

The integer values are straightforwardly derived accardn

in (m1J ):umax;i Umin:i 2% +1=2¢c
be (j; f ):Cmax;i Crnin;i 2% +1=2c

Uig(m;])
Gq(iif)
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wherel m 3V 9,1 j Landl f F.
The resulting signed integer values of the matrices aredattwith an adaptive arith-
metic coder and sent with the extreme numbers.
For delta vectors, the coordinates are encoded accorditg toounding box of each
frame. Using a xed number of bitg , the coordinates of the delta vectors are mapped
into integers as follows:
;‘; = b= 29 +1=2c
o= byl=an 2% +1=2
4= b= 27 +1=2

fori =1;2;::N andf =1;2;:::F

The resulting signed integer values are encoded sepamateRCA details with an
adaptive arithmetic coder.

We assume that the quantization errors of PCA details arkgitdg up to 12 bits
guantization. Note that the total number of bits needed tlanirgy delta vectors is very
small. It ranges betwedh01and1l bit per vertex per frame when the quantization ranges
betweerl2and16bits depending on the number of eigenvectors, the level ahtjzation,
and the number of clusters.

6.4 Decompression

Figure6.3illustrates the decoding process. After receiving the saqes of the PCA
details and the delta vectors (or residuals), we decode add guantization of delta
vectors, we reconstruct the points of the seed trianglesacdh €luster in each frame,
then reconstruct the LCFs. In the second stage, we undo thatigation of all basis
vector values and coef cients, we reconstruct the locardomates of all vertices in each
cluster and transform them back to world coordinates. Binafe collect all clusters to
reconstruct the sequence of meshes.

6.5 Rate-Distortion Optimization for PCA based Coding

Our clustering process (eventually the region growing aggh), produces clusters
of different sizes. If one chooses a xed number of basis mector all clusters, then
there may be too few eigenvectors to recover the clustengitee at a desired accuracy
and eventually too many eigenvectors for other clustershvine callunder tting and
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Distortion
A

» Rate

Figure 6.4 Lagrangian optimization

over tting, respectively). Moreover, the number of bits needed to éatle unnecessary
basis vectors imver tting cases may be better allocated for other clustetster tting
cases. Therefore the selection of the best number of basisrsdo be extracted from
animation data is necessary to properly recover the olligiat of each cluster with a
certain accuracy. We introduce a rate distortion optinzethat trades off between rate
and the total distortion.

6.5.1 Description of the Problem

In LPCA-based techniques often PCA is performed using a machber of compo-
nents per cluster, neglecting the fact that whole mesh seggere often not rigid and the
different parts can have different behavior (i.e., theitimois not similar). Thus, using a
xed number of components per cluster may result in an insight number to represent
a given cluster at the desired accuracy while having too ni@anyhe representation of
other clusters.

To improve the PCA based compression and avoid this ovegtand under tting,
we introduce the Rate-Distortion Optimization (RDO) whishalso known a®it allo-
cation The objective is to nd the best tradeoff between the barand the distortion of
coordinates of the vertices.
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6.5.2 Problem Statement

Given N clustersG;, i = 1;::;N that we have to encode separately, and a set of
eigenvectord = flg;lq;:::5 1 g. For each clusteG;, let (R!i;Di'i;) denote the rate-
distortion (RD) point for each numbér 2 |, (typically I; = 1;::::;40 components).
The rateR!' represents the number of bits required to encode the bastisrwalues and
the coef cients. The distortiol|" is the root square error between the original and the
reconstructed coordinates of all vertices in the clust@rué we can de ne for each cluster
a set of rate distortion poin® = f(R/';D{'): 1; 21g .

Let Riarget DE the given total bit rate for all clusters. Then the optatian problem is
to nd the optimal number of componentisfor the clustei, (i = 1;:::; N) that minimize

the overall distortion: "

D= D/ (6.1)

i=1

subject to the constraint
X

R:i Rtarge[ : (6.2)
i=1
This constrained optimization problem can be reformulated an unconstrained
problem by using the Lagrangian multiplier approach:

X X
min D} + R 121 (6.3)
i=1 i=1

where is Lagrange multiplier.

The problem of Lagrange multiplier is to nd a value of, that yields the least dis-
tortion under target rate constraints. The bisection $eeao be applied over all possible
values of to nd the suitable value. For a constanthe minimization can also be done
for each cluster independently.

Geometrical Interpretation

Considering the set of RD poin® for the clusterG;. The lagrange optimization
can be interpreted with a series of parallel lines of cortstlnpe . The optimal solution
(R:i ;Di'i) is obtained when the line is tangent to the lower convex huthe set RD
pointsP; as illustrated in gures.4.

Furthermore, alternatively, the optimal solution can heby direct computation of
the lower convex hulls of all s&®;, (i =1;::;;N) 6.4
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6.5.3 Incremental Computation of the Rate-Distortion Optmization

In our compression algorithm, we introduce an R-D optimaatvhich is based on
an incremental computation of the convex ha2]].

For simplicity, and since the number of bits increases widdize of the basis vectors,
we de ne the rateR as the number of basis vectors rather than the number oBritsy,
we de ne the optimization algorithm in the following:

1. For each clustef; we compute:

The number of componentsthat corresponds to the smallest rate;

The number of componeritsthat corresponds to the next rate-distortion point
on the lower convex hull;

The slope ; between the pointR!'; D!') and(R¥ ; D).
P
2. We compute the total ra, = L, R|
P
3. Aslongas( 'v; R Ruager) iS veri ed, we:

Select the cluste®, whose , is minimal;
UpdateR;
Modify the number of componentsof the clusteiG by k;;

Determine the number of componerkisthat corresponds to the next rate-
distortion point on the lower convex hull;

Compute .

6.6 Compression Parameters

The compression parameters de ne the desired amount of i@@sipn. In our ap-
proach, there are three parameters that govern the congresso:

The number of basis vectors/ratelt this number is xed for all clusters, then the
user de nes it (depending on the desired accuracy). Theltahgs number is, the
better reconstruction will be (at the expense of less cosgiwe). If the RDO is
used, then we will need only to specify the amount of compoesgate) or the
maximum number of basis vectors that are to be used to appadgieach cluster
as we do in our coding. The number of vectors in each clustdreis optimally
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selected such that the total rate is below the given usei-sgerate (or the total
number of vectors is below the given user-speci ed maximwmhber of vectors).

The number of clusteis : If this number is very small, then the cluster may contain
vertices of different behavior and their local coordinatéé have a large variation
over time. However, it is dif cult to nd a linear space that @ently represents
these coordinates using PCA.

The reconstruction errorThis error presents the deviation of the reconstructed po-
sitions from the original one. It is measured using L2-nomthe metric which we
call da[102 62]. Moreover, the metric L2-norm controls the compressionriy

the RDO. This number should increase with a decrease in ttneawuof clusters or
the number of eigenvectors.

6.7 Conclusion

We introduced a new compression technique for the animagsdhes which is based
on LPCA. The mesh vertices are clustered using the motiomedb€F. Then, the world
coordinates of each cluster are transformed into localdinates. This step enables the
algorithm to compress an animated mesh ef ciently. It explthe "local" behavior of the
local coordinates. Finally, an LPCA is performed in eaclst@uwith the rate distortion
optimization. The experimental results are detailed impb#eb, section 8.6.

This approach is simple, outperforms the SplitCoder. Ib alshieves similar or bet-
ter results than other current existing compression teglas. \We obtain a better rate
distortion performance than the standard PG LPC (Linear predictive Coding) and
TG [117). This result is obvious since the animation coding basedtatic techniques
(TG) only exploit the spatial coherence and the linear mtéeh coding only uses the tem-
poral coherence. Furthermore, the standard PCA only appeat&s the global linearity
and is less effective for nonlinear animation. For the CP8#séd on local PCA)10Z
and AWC (based on wavelet39] algorithms, we achieve better or similar results. More
results are given in sectid@é.

This method is computationally inexpensive compared toodall PCA for the full
mesh and its decompression process is very fast. It is aipdidco meshes and point-
based models. It performs well for animations with a largeber of vertices and well-
suited for progressive transmission. For very long segegnee suspect that the motion
of a local coordinates also becomes complex and non-liféeatefore, one can split the
sequences into small clips and perform RLPCA.
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As seen before, the algorithm considers the entire sequefinteshes and exploits
the coherence globally in term of linear space. The drawlbdthkis approach is that the
compression is computationally expensive.

In order, to exploit the coherence locally and achieve vewybitrate (unlike the Split-
Coder), we develop compression approach based on PredactiVDiscrete Cosine Trans-
form coders (PDCT) and encode the mesh sequence frame bg {s@® next chapter).
We bene t from the clustering and encode each cluster withrfen-zero coef cients.
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CHAPTER [/

Predictive-DCT based Compression

In chapters we presented connectivity-guided predictive coding bgilog to the ver-
tex based coding approach. This chapter introduces a nexgagpbased on predictive
and spectral techniques. The algorithm is independeneafdhnectivity information and
belongs to the cluster based prediction approach. We fdlh@same strategy presented
in previous chapters, the animated mesh is segmented mtwsatigid clusters, then the
predictive and DCT coding is performed in each cluster, &grar frame, instead of PCA.

7.1 Introduction

Two algorithms have been previously proposed for animatesh®s. The rst algo-
rithm exploits the coherence locally frame by frame. It ist&® based predictive coding
where one vertex is processed at a time in almost losslessiMage approaches are sim-
ple, not expensive, near-lossless and well-suited fortrewd applications. The drawback
of these methods is that they do not support progressivertrssion. The second algo-
rithm is cluster based coding, where a set of vertices aregssed at a time and encoded
in a lossy way using PCA. The algorithm considers the engrgience of sub-meshes
and exploits the coherence globally. The global linear benaf the vertices through all
frames is approximated in terms of linear space. The animagquence can be reduced
to a few principal components and coef cients. The ef cigraf this technique increases
when the datasets are segmented or clustered, so that eaghigindividually encoded
by PCA. This type of method supports progressive transomssi he drawback of this
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approach is that it is computationally expensive

This chapter presents an alternative compression algotithsed on predictive and
DCT transform in the local coordinate systems. In contrastertex based predictive
coding, the algorithm is cluster based predictive coding.

The method is inspired from video coding. We rst split theimated mesh into
several clusters (similar to macroblocks in video codingiphg the simple and ef cient
clustering process developed previously. Then, we perprediction in the local co-
ordinate systems. Finally, we transform the resultingadedtctors (between the predicted
and the original vertex locations) of each cluster in eaam# into the frequency domain
using Discrete Cosine Transform.

7.2 Overview

In such sequence of meshes, neighboring vertices haverggsgndency to behave
similarly and the degree of dependencies between theititosain two successive frames
is very large which can be ef ciently exploited using a comdtion ofPredictiveandDCT
coders (PDCT).

The local coordinate system has an important property ttiabis a large clustering
over time and the locations of the vertex tend to form a chusteund one position (over
all frames). Regardless what kind of deformation the vestiondergo, i.e. rotation, or
translation or scaling or combination of all three relasigtine vertices will generally keep
their positions, at least between two successive framds.pfoperty was used in different
ways and in different contexts in previous chapters: in sagation and in PCA based
compression.

The proposed technique in this chapter also uses this gyofmeperform a predic-
tive coder followed by DCT algorithm which transforms theuking residuals from the
spatial domain to the frequency domain.

The vertices of each cluster have small variation over a tetegive to the LCF. There-
fore, the location of each new vertex is well-predicted frisgnlocation in the previous
frame relative to the LCF of its cluster. The difference begw the original and the
predicted local coordinates are then transformed intaugaqy domain using DCT. The
resulting DCT coef cients are quantized and compresset aiitropy coding. The orig-
inal sequence of meshes can be reconstructed from only adeveero DCT coef cients
without signi cant loss in visual quality.

Basically, the algorithm consists of four steps:

1. Clustering process:As described in the previous chapter, the vertices areasiedt
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into a given number of clusters depending on their motiorhm LCFs. Indeed,
the vertex should belong to the cluster where its deviatiothe LCF through all
frames is very small compared to the other LCFs. Therebyyéhices displace-
ments between two successive frames will be close to zerdhendf ciency of
the prediction through time increases. Moreover, the ehirsgy will preserve the
global shape when DCT coding is performed (spatially) inrhecaster. Note that
the clustering is used in this chapter in the concept of ptemh.

In PCA based algorithm the goal of segmentation was to alilseevertices into
near rigid bodies. Relative to LCF these regions are neariant. Thus, perform-
ing PCA in the LCF yields large number of PCA coef cients thaa¢ close to zero.
Thereby, low bitrate is archived.

2. Lossless coding of LCFsThe locations of the vertices that contribute to the con-
struction of the LCF of each cluster should be losslesslpéed. In order to ensure
that the decoder could use the same LCF, we decode and neatirise LCF to be
used during the compression of the remaining vertices.

3. Predictive coding: This step allows the reduction of space-time redundanag. It
performed on the local coordinates rather than the worlddinates, which makes
the coding more ef cient. It produces very small predictiemors. The power-
fulness of the predictor strongly relies on the clusteringcpss. If the vertex is
associated with a LCF whose motion is not similar to its motiben the local
coordinates of the vertex will have a large variation ovérframes and the pre-
diction will produce large delta vectors. In chapfemwe presented an alternative
connectivity-guided predictive algorithm, this algorniiprocesses one vertex at a
time. For each vertex one LCF is de ned upon a previouslydrsed triangle and
its coordinates are split into two components: tangentidl @ormal components.
In contrast, in this chapter we proposed predictive codiagjtequires one LCF per
cluster.

4. Transform-based coding or DCT: For further compression, the coordinates of
delta vectors are represented as 1D signals then transtomoeefrequency domain
using DCT, producing uncorrelated coef cients. These @efits are more com-
pressible with the entropy coding than delta vectors. Megeanany coef cients
of low values can be zeroed without signi cant loss in visgadlity.

To avoid error accumulation that may occur, we simulate gding process during
encoding to make sure that during the encoding, we use gxthetlsame information
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Figure 7.1 Overview of the compression pipeline

available to the decoding algorithm. After the compressibreach frame, we should
substitute the original vertex locations by the decodedtions.

7.3 Compression Pipeline

Given a sequence of triangle mesiés; f = 1;:::; F with V vertices and~ frames,
we encode the rst frame separately from the rest of the framethe sequence using
static mesh compression presented in chapter

An overview of the whole compression pipeline is illustchie Figure7.1

7.3.1 Local Coordinate Frames

We follow the same strategy described in the chagtsection4.5.2to select seed
triangles and to construct the local coordinate frames.
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Figure 7.2 lllustration of the local coordinate frames assigned todsters

7.3.1.1 Seed Triangles Selection

The rst step in our algorithm is to nd\ seed triangles upon which we construct
the LCFs as described in sectiér.2in chapterd, using the far distance approad?f.
Then, we associate with each seed one of its incident tearmhd call this triangle the
seed triangle. We denote the three vertices of seed triahglh cluster in thd -th frame

as(Pi.1; Ph.2; Pies)

7.3.1.2 Local Coordinate Frame Construction

Each cluster is initialized with the three vertices of theds&iangle. Each clustes
has its own LCF de ned on the seed triangpe ; p»; p3) as illustrated in Figur&.2 (and
as described in the previous chapters).

The transformation of a point to its local coordinate systemcan be accomplished
by an af ne transformation with a translatianand a linear transformation (T is an
orthonormal matrix):

qg = T( o
Foreachframé (1 f F)andforeachclustef (1 k N), wehavefT|;o}g

computed from the points of the seed trian@g,; py.,; Py.2)-

7.3.2 Motion in LCF based Clustering

The clustering process starts with several seed triangles which the LCFs are
constructed. Then, the clustering is obtained by assighiagertices to the seed triangle
where they have minimal local coordinate deviation acrbedtframes according to

ki = qu(;i QL;i 1S
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G are the local coordinates of the vertexvith clusterk and ., represents its total
motion in the LCF associated with the clusker

The vertex should then belong to the cludteior which the deviation is very small,
notekKmin :

Kmin = argming  nf «ig

7.3.3 Differential Coding of LCFs

Generally, our approach rsttransforms the world coortisaf each vertex into local
coordinate frame of its cluster. Then, it performs the caspion. At reconstruction,
the local coordinates are decoded then transformed baclotiol woordinates. A lossy
compression of the vertices of the seed triangle may dantegedordinate frames at
the decoding step and as a result, the transformed locatlic@abes will be damaged.
Therefore, the LCF of each cluster should be encddsslessly

We assume that the LCFs of the rst frame is already encoded.e&ch frame and
for each new LCF, we encode the locations of their three aestivith the differential
encoding. We subtract their coordinates in previously dadoframe from its current
coordinates. We quantize the prediction differences, vipdyape arithmetic coder to the
resulting integers and we update the current locations tvéldecoded locations.

7.3.4 Spatial-Temporal Predictive Coding

Once the segmentation process is nished, and all LCFs areds#a (during the cod-
ing), the prediction assumes that the current point doeslmantge relative to the LCF of
its cluster. So, for each new poipf{;i in the clusterG, of the framef , one transforms
its world coordinate into local coordinatqé;i. Then, one predicts its location from the
decoded local coordinates of its location in previous frdme1 by:

pred = ¢’

The delta vectors are computed:

fk;i = q|f<;i pred
Unlike the current predictive animated mesh compressichnigues $6, 45, 63
where the delta vectors are encoded in world coordinatedyamere they are computed in
the local coordinates.
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7.3.5 DCT Coding

After prediction, we represent the X,y,z coordinates ofdéka vectors of each cluster
le( as 1D separate signals of length 3 (Vk  3is the number of vertices in the cluster
G, minus the three vertices of seed triangle) and encode thewDEZT coding.

For each cluster we have three signals:

PN S S

Xk = FXiai Xis 75 Xy, 9
£ L

Y = Yea Vs 55 View 9
foo_ L . |

Z, = 7475529

wherek 2 1;::;;N andf 2 1;::; F.

For the whole sequences, the number of signals we obtlin i8 F. We transform
each signal vector into the frequency domain using 1D DCTht@io a more compact
representation. Simple 1D DCT is de ned as:

X (I D2l 4)+1)
X = x'.co
Kl ()i:4 ki COY 2MVe  3) )
forl =4;::;V, and (I) is de ned as:
8
(1) = S gu forl=4
; ﬁ for 1 64

The inverse DCT is similarly de ned as:

X | 4G 4)+1
R .

=4

wherei = 4;:::; W

After DCT transform, the majority of signal energy concates on the low frequen-
cies and little on the high frequencies. Hence the high feegies (insigni cant coef -
cients) can be zeroed yielding a signi cant reduction ind¢kerall entropy and the signal
can then be represented by few high value coef cients witlsg@ni cant distortion. Note
that the high frequencies close to zero can also be set taapomatically using quanti-
zation module only.
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In our algorithm, we arrange the DCT coef cients from highléa values to easily
set the coef cients to zero from bottom to a certain numbecawf cients depending on
the compression rate and the desired quality.

7.3.6 Quantization and Arithmetic Coder

The low frequency coef cient (high values) correspond te ttoarse details of the
cluster while the high frequency coef cients (low valuegym@spond to the ne detalils.
On the other hand the human eye can perceive the coarsesdatath more accurately
than the ne details. This means that if we use a coarse qgegtian or set the low value
coef cients to zero, the cluster will still retain an accaple visual quality and we will
obtain better compression ratios.

In this version of the algorithm, we uniformly quantize thee€cients to a user spec-
i ed number of bits per coef cient. Typically, we use a nunmidgetween 8 and 12 bits,
depending on how many DCT coef cients are zeroed. The moeé @ents that are ze-
roed, the more coarser the quantization is, and that béerdmpression will be at the
expense of visual appearance. The ner details can be ped&hen only a ner quan-
tization is used and few coef cients are thrown away. Fomegke, if 50%o0f coef cients
have zero values then we us@bits quantization. 180%we use8 bits only.

One might possibly improve on the present quantizationa@ggr by introducing dif-
ferent levels of quantization in each cluster. The highdestries can be coarsely quan-
tized while the low frequencies can be nely quantized.

Note that, the delta vectors of the rst frame are encodedgidR bits quantization
while the delta vectors of the LCFs in the whole sequence @aatiged to 16 bits.

For further compression the resulting integer values aréemeoded with an arith-
metic coder 123.

7.3.7 Reconstruction

To reconstruct the original data cluster, we simply de-gjaarthe coef cients and per-
form the inverse DCT to nd out the delta vectors and add thatter to the predicted lo-
cation from the perviously decoded frame to recover themaidocal coordinates. Then,
we transform them to world coordinates.
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7.4 Conclusion

This chapter introduced a simple and ef cient compressamhihique for dynamic 3D
meshes based on predictive and DCT coding. First, the #tgoglusters the vertices into
a given number of clusters depending on their motion in th€iF. Second, the location
of each new vertex in the current frame, is predicted fromatstion in the previous
frame. The effectiveness of prediction coding dependsigtyoon the clustering process.
Indeed, if the vertices are well-clustered then the motedative to the LCF between two
successive frames tends to be zero. Third, the delta veantefsirther encoded with DCT
transform to reduce the code length since the entropy innegy domain is smaller than
the entropy coding of delta vectors. The resulting DCT coeints are quantized and
encoded with an arithmetic coder.

The experimental results are detailed in chagtesection 8.7. This algorithm is
lossy techniques, computationally expensive comparel $titCoder, requiring more
computation steps for DCT and inverse DCT but it allows lowrhte. The distortion
introduced by PDCT is almost less than the distortion preduxy SplitCoder. At similar
bitrate (see sectioB.8), PDCT yields better reconstruction due to DCT based cotfiag
may reduces the blocky artifact at low bitrate. Indeed,rd€T transform, the majority
of signal energy concentrates on the low frequencies atie ¢ih the high frequencies.
Hence, the high frequencies can be zeroed yielding a signt ceduction in the overall
entropy. The signal can then be represented by few high waaécients without sig-
ni cant distortion. The gain of PDCT method over SplitCodemup to73% Of course,
the gain varies with compression parameters and animatiguesices. Experimental re-
sults also show that our algorithm is competitive when camgao the state-of-the-art
techniques. It performs better than the standard P8IALIPC, KG [62] and TG [117]
and comes close to CPCA(QZ and wavelet AWC 89] algorithms. PDCT is applica-
ble to meshes and point-based models regardless of how ithataom is generated. The
drawback of the proposed approach is that it does not suppmytessive transmission.
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CHAPTER 8

Evaluation and Comparison

In previous chapters, we have presented our new approauitesje have detailed the
theory and the design of each algorithm. This chapter ptesba experimental results.
We discuss and evaluate different parameters that affenpassion performance, we
compare the proposed techniques with other methods andseeampare between our
approaches.

Note that the experimental results of segmentation methoglgiven in chapted.
This chapter is restricted to the results of the compressppnoaches only.

8.1 Implementations

We have implemented our algorithms in c++ programming lagguand Matlab. We
also used an object oriented framework called DaViS (Dasaalization System), a very
powerful tool for evaluating new algorithms and visualiaattechniques. The imple-
mentation runs on a standard PC with Pentium 4 with 2.53 GHmill Geforce 4 MX
420, 750 MB of RAM (it is used for timing results of compressagorithms) and AMD
Athlon(TM) XP 3000+ 2.10 GHz, 1.00GB of RAM (it used for tingmesults of segmen-
tation algorithms).
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Models vertices| Triangles| Frames
chicken 3030 5664 400
dance 7061 14118 201
dolphin 6179 12278 101
cowheavy 2904 5804 204
snake 9179 18354 134

Table 8.1 Characteristic of animation sequences used for analysis.

8.2 Input Datasets

To evaluate our approaches, we used different static andndigrtriangular meshes,
used by the majority of the current existing approaches. groposed approaches are
independent of how the input datasets (particulary the atiom) are generated. Indeed,
we consider different animations generated in differentava

Figure8.1and FigureB.2 show the static and dynamic models, respectively, used for
the evaluation. Their characteristics are reported iretsthll and8.4 respectively.

All tested 3D models have different shape and smoothnesgelhas movements of
different degrees of complexity in the animated case. Tiekeh character is distributed
solely for the purpose of comparison of geometry comprestohniques. The Dance
animation has been created by skinning a skeleton with mo#apture data. Its movement
Is quite smooth and its mesh is quite regular. The Cow anonatonsists of extreme
deformations and the mesh is very irregular. The Dolphimation is generated with
sinusoidal movements and the snake animation of large befdyrdation.

8.3 Measurement

To show the ef ciency of our schemes, we measured the nunfldetsoper vertex for
static meshes and number of bits per vertex per frame (bpvfariimated meshes. To
measure the distortion in the reconstructed animation veigiard to the original anima-
tion, we used a metridasimilar to [L02 62]. The error is de ned as follows:

kM Mk
kM E(M)k
whereM is the geometric matrix3V ~ F) containing the original geometry sequence.
M is the reconstructed geometry sequengéM ) is an average matrix whose columns
contain the average vertex positions of all meshes over. time
We also computed the distortion per frame usingltfeorm of all reconstructed ver-
tex positions relative to the original positions of eachnfea

da= 100
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Figure 8.1 The static models used for analysis: head, fandisk, random, horse, dino and
feline. These models are provided us by Pierre Alliez andHaeyoung.
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Figure 8.2 The animations used for analysis. The dance animation westext by the MIT
CSAIL Graphics Lab. The chicken character is property of feoft Inc. and was created by
Andrew Glassner, Tom McClure, Scott Benza and Mark Van Lagige The dolphin animation is
given us by Zachi Karni. The cow and snake animations can toedfn [1].
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8.4 Higher Order Prediction for Static Geometry Coding

In this approach, we have developed a higher order predisttheme for geometry
compression. Instead of encoding the coordinates of thex;ewe encode its tangential
components and its normal component as bending angle. mgeriéal components are
encoded with parallelogram prediction. For the normal divap we rst t a polynomial
surface to the previously encoded vertices in the vicinftthe current gate edge. Then,
we intersect the tangential circle given by the tangenbahpgonents, which are encoded
in advance, with the polynomial surface yielding the pradicfor the bending angle. We
also t a sphere to a small number of vertices as a fast com@®tretween polynomial
surface tting and simple angle prediction.

In order to see the gain of the higher order prediction schieased on polynomial
graph function tting (explicit function), we measured tbensumed bits per vertex sep-
arately for the tangential and normal components. T8lReshows the results, when the
parallelogram prediction is used for tangential predittiand table8.3the results for the
multi-way prediction.

In both tables the second columns give the number of bitsuwwoad for the tangential
components. The third columns contain the cost for the lgndngle, when predicted
as proposed by Touma and Gotsmah{. In the fourth columns the result of the higher
order prediction scheme can be seen and in the last colummesntee=d the gain in the
angular component in percent. Both tables show, that tisema average gain of 20% in
the coding of the bending angle independent of the tandgmediction strategy.

We summarize the experimental results in te&h where we compare the total cod-
ing cost for the used models with the of cial implementatiointhe approach of Touma
and Gotsman. The third column shows the cost for the corvityat bits per vertex con-
sumed by Touma and Gotsman's method. The fourth and fthroolsicompare the total
geometry cost of Touma and Gotsman's approach to ours. lfagheolumn we nally
tabulate the gain of the total cost in percent — geometry andectivity.

On the rst sight, the result for the cow in tab&4 is surprising as there is a gain
in tables8.2 and 8.3 for our implementation of the Touma-Gotsman angle predidto
turned out that no angle prediction yielded an over all casgpion result oR0:2 bits
per vertex. Thus we suspect that also the of cial implemegoreof the Touma-Gotsman
coder turns off angle prediction, when there is no gain.

Figure8.5also shows the total coding cost when we t polynomial grag®PE) and
implicit (HOPI) function and sphere (HOPS) as well as thaltgeometry cost of Touma
and Gotsman's approach. In the last three columns we tabthlatgain of the total cost
in percent. On can see that the polynomial graph performtdrizmn a subset of the used
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Models XV | 16 Ho | gain( )
horse 11.41| 4.16| 3.61| 13.22
random || 12.32| 3.12| 1.85| 40.70
sphere 4.25(11.97| 0.85| 56.85
head 9.92|4.10| 3.19| 22.20
dino 12.53| 5.65| 5.00| 11.50
fandisk 9.72| 4.24| 2.68| 36.80
feline 10.68| 4.04| 3.71 8.17
cow 14.90| 7.52| 7.08 5.85
Average|| 10.70| 4.35| 3.50| 24.41

Table 8.2 Geometry coding results for the parallelogram predictioost for tangential com-
ponentsx andy in bits per vertex, cost for normal component with bendinglamrediction ac-
cording to Touma and Gotsman (subscript TG) and accordihigtwer order prediction (subscript

HO) and the gain of our method in percent.

Models XY | 16 Ho | gain( )
horse 10.64| 4.16| 3.61| 13.07
random || 11.01| 3.13| 1.84| 41.07
sphere 3.39| 1.77| 0.83]| 52.64
head 8.91|4.08| 3.19| 21.59
dino 12.01| 5.65| 4.99| 11.53
fandisk || 10.14| 4.23| 2.71| 35.71
feline 9.98| 4.07| 3.76 7.59
cow 14.47| 7.54| 7.05 6.44
Average| 10.07| 4.32| 3.50| 23.71

Table 8.3 Geometry coding results for the multi-way prediction witle tsame columns as ta-

ble 8.2
Models vrts | Conn.| Geom.| ours| gain
horse 19851 2.34| 15.16| 14.26| 5.94
random || 4338| 0.41| 15.64| 12.85| 17.80
sphere || 10242 0.02| 6.95| 4.23| 39.13
head 11703 0.45| 12.64| 12.11| 4.21
dino 14070, 2.39| 17.40|17.01| 2.24
fandisk | 6475| 1.08| 13.82| 12.86| 6.93
feline 49864 | 2.38| 14.17| 13,74 3.03
cow 2904| 1.88| 20.38| 21.52| -5.65
Average 1.37| 14.52| 13.57| 9.20

Table 8.4 Models and nal coding results : number of vertices, coniviggt and geometry
coding cost in bits per vertex for Touma and Gotsman's metgedmetry cost for our method,
total gain in percent, using 12 bits quantization, a weightexponent of 1.3 and a maximum

number of 18 gathered t vertex.



8.4 Higher Order Prediction for Static Geometry Coding 133

models than the other two prediction schemes. And non oéttves methods proofed to
be superior on most of the cases.

In order to nd out the best maximum number of vertices to béhngeed, the weighting
exponent and the threshold angle cosine, we plotted the euailbits consumed by the
normal component for different values of these parametersdw model. The resulting
plots are illustrated in gure8.4, 8.5and8.3. On can see that with higher order prediction
based explicit function tting the gain becomes importaithihe growing of the number
of vertices to be gathered to t a surface while with implittinction, the gain is nearly
constant and both methods are superior than TG's method. BH&® HOPI show a
minimal coding cost for more tha?2 and8 gathered vertices, a weighting exponent of
approximatelyl:37 and2:68, and angle cosine 0.67 and 0.9, respectively.

We also plotted the number of bits per vertex consumed bydhma component for
different weighting exponents over the number of gathetedertices where the bits per
vertex were averaged over the collection of sample modelstidted in8.1 Figure8.6
shows a minimal coding cost for eighteen gathered vertindssaveighting exponent of
approximatelyl:3. Note that these values were used for the measuremed13 814 8.2

It is quite obvious that the compression and decompressieads with high-order
prediction are signi cantly slower than with the simple gietion rule of Touma and
Gotsman. Most of the time is spent for the gathering of theetttices and the computation
of matrix F via equatior3.2 If a maximum of eighteen vertices are gathered, 72% if the
coding time is consumed for gathering and 22% for the eidaevdecomposition ofF .
For the simple bending angle prediction only 5% of the highweter coding time are
consumed. If we only gather 10 vertices as the second minimugure 8.6 suggests
gathering is 58%, eigenvalue decomposition is 33% and siroptliing is 9% of higher
order coding time, resulting in an eleven times slower cgdilgorithm. In sphere tting
we tsphere to a small number of vertices, i.e. four pointeus the speed is much lower
than the surface tting.
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line illustrates the performance of the angle predictiamMuma and Gotsman.
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Models || Geom_TG| HOPE | HOPI | HOPS| Gain_E| Gain_I| Gain_S
horse 15.16| 14.26| 15.00| 15.00 5.93 1.00 1.00
random 15.64| 12.85| 16.00| 15.58| 17.83 -2.3 0.38
sphere 6.95| 4.23| 560 5.59| 39.13| 19.42| 19.56
head 12.64| 12.11| 13.64| 13.57 419 -791| -7.35
dino 17.4| 17.01| 17.70| 17.70 224 -1.72| -1.72
fandisk 13.82| 12.86| 12.5| 12.91 6.94 9.55 6.58
cow 20.38| 21.5| 22.1| 21.93| -5.49| -8.43| -7.60
Cow 20.38| 21.52| 22.10| 21.93| -5.49| -8.43| -7.60
Average 14.57| 13.54| 14.64| 14.61| 10.11 1.38 1.56

Table 8.5 Coding results. Geometry coding cost in bits per vertex fourfia and Gotsman'
method, and our methods based on grafhiy), polynomial implicit function and sphere tting,
their total gain in percent usint bits quantization.

8.5 Near-lossless Predictive Coding for Dynamic Meshes

This approach, which we called SplitCoder, introduceslsingte near lossless com-
pression for animated meshes of xed connectivity usingedpmtive technique. The al-
gorithm traverses the triangular mesh of each frame in @negfiowing order. Every time
a new vertex is encountered during the traversal, we splpadisition into its tangential
and normal components. Then, we encode each componenatdparsing prediction
and quantization coding.

To nd out the best predictive coding for the tangential armdmal component, we
implemented different predictors for both components.

8.5.1 Evaluation of Different Predictors

In order to demonstrate the ef ciency of each predictor imtg of compression per-
formance for each component, we measured the consumecebiveex separately for
the tangential and normal components.
8.5.1.1 Tangential components
Space-only predictor

We implemented a space-only predictor to encode the par@mdbrmation of each

frame separately. The coherence is exploited over thetdueighbors only, neglecting
the temporal coherence. Two mode of prediction are evaluate

In parallelogram prediction mode (space(PP)), we use thaudia of Touma and
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Gotsman but we use the decoded vertex locations in ordewoid avror accumula-
tion.

— Af f f
predhara = P, 1+ P 2 B 3
In multi-way prediction mode (space(Multi)), when a newtegris encountered
there can be more than one possible reference triangleuardted in Figure 2.
The idea is to use all possible reference triangles for |[gogiram predictions and
average the resulting predicted locations in world coatéis.

X
predmui = predparal;i
i
Then we transform the predicted location to the local cowtdi system of the actually
selected gate edge, to then carry out the predicted tamafjeathponentp?,, .

[P ; 1= transfToLocal (preduaraizmuti )
predictin (v;f) = p?an

Eventually, in multi-way mode, we use all possible refeeetrangles for parallelo-
gram predictions, then we average the resulting prediceations in the world coordi-
nates and transform its coordinates into local coordinaeé¢ to nd out the tangential
components.

Time only Duplicata Predictor

The Duplicata predictor is a time-only predictor in the miosigace. Since we use
the local coordinate frame constructed upon three direighibers in the current frame
(spatial domain) and the locations in the previous framm@gieral domain), it is therefore
a space-time predictor in the world space.

As described before, the tangential componengndy are predicted from their re-
covered tangential components in the previously decodeddr

predicttan (V, f ) = 'pzan;:l\-/

This predictor predict perfectly the parametric inforratiand the prediction errors
are close to zero.
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Space-time predictor

The space-time predictor is an average of the time predatdrspace predictor de-
ned by the parallelogram (space(PP)_time) or the multiylti_aver) predictor.

We computed the average of the time predictor (time_only) the space predictor
de ned by the parallelogram (space(PP)_time) or the malyi(space(Multi) _time) pre-
dictor:

. 1 .
predicty, (v;f) = > (ISIan;lv + predicCtian:space (V; f))

whereprediCtin.space (V; T ) is the predicted tangential components from the neighbors
in the current frame (space domain) a&ﬁgl is the temporal predicted components (time
domain), the reconstructed tangential components in txaqurs frame.

Evaluation

The coding of tangential components using the describetigices is evaluated inde-
pendently of the coding of the normal components.

Figure 8.7 (a) shows the rate distortion curves of the tangential corapts, for the
cow animation, using temporal prediction (time_only), theerage space-time predic-
tions using parallelogram (space(PP)_time) and multispg¢e(Multi) _time) prediction.
Time_only shows a signi cant improvement in the compressiatio independent of the
angle prediction, it saves aba4%to 41%bits over the space(PP)_time and space(Multi)
_time, and abou31to 52%over spatial predictors (space(PP), space(Multi)), atlarm
distortion levels a) and using 8 to 15 bits quantization. Recall that here thepteai
prediction is relative to a local space and it is a space-pireictor in the world space.

Similar, for the dance animatio®.8 (a), time_only saves up t46% bits over the
space(PP)_time and space(Multi) _time and upa®%over spatial predictors (space(PP),
space(Multi)) at similar reconstruction error.

8.5.1.2 Normal component

The normal component is predicted in a cylindrical coortBreystem around the gate
as the bending angle between the reference triangle anetig ancoded triangle. Sim-
ilar to the tangential component, we tested different mteds for the bending angle:
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Space-only Predictor

The space-only predictor approximates the bending angla the other available
bending angles of the reference triangle:

predict (v;f)=180 ( "+ ,MH)=2

Time Angle Duplicata Predictor

The bending angle is predicted from the recovered bendimgean the previous
frame:

predict (v;f)= ~ 1

The curvature or the angle is almost preserved between tecessive as seen chap-
ter 5. Therefore, the predictor replicates exactly the cuneaftrthe current edge gate
from the curvature in the previous frame.

Spatial-temporal prediction

The predicted bending angle is obtained by averaging thdigiesl angles computed
above:

predict (v;f)=( f 1)+ qf))=2

where {f 1)isthe predicted angle using time prediction (time domai) &f )
is the predicted angle using the TG method (space domain).

Evaluation

Figure 8.7 (b) shows the rate distortion of cow and dance animationsectely,
using different predictors. Temporal prediction (in LCHglged a better compression
ratio, independent of the tangential prediction strat@dye compression gain over space-
time prediction (in LCF) based coding is up%@%at the same level of distortions and
using 8 to 15 bits quantization. Similar for the dance aniomat8.8 (b), the temporal
predictor saves up t65%at similar distortiorda.

The signi cant improvement means that the approximatioroofl coordinates in
the temporal domain is signi cant and yields delta vectord angles close to zero, (see
chapters). Thereby, a signi cant reduction in the overall entropydze achieved.
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Figure 8.7 Rate-distortion curves of tangential components (a) antbdoding angle (b) using
different quantization bits (cow animation). Note thatéhere call temporal predictor relative to
the LCF but it is space-time domain in world coordinate frame
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Rate distortion of tangential components (dance)
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Figure 8.8 Rate-distortion curves of tangential components (a) antvéading angle (b) using
different quantization bits (dance animation).
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8.5.2 SplitCoder vs. State-of Art

Figure 8.20illustrates the results of running our coder on the cow ationawhich
contains extreme deformations, and the dolphin animatiempared with different meth-
ods. To obtain different rate distortion points, we useded#nt levels of resolution
(g = 8;:::;14). At rst glance, we can see that our approach achieves @ibkeite dis-
tortion performance than the standard TI3 7], linear predictive coding (LPC), KG5]
and PCA B]. This result is obvious since animation coding based oticstachniques
only exploit spatial coherence and the linear predictioding uses the temporal coher-
ence only. Furthermore, the standard PCA only approxintagglobal linearity and is
less effective for nonlinear animation. The LPCA overcorties problem but still ex-
ploits the coherence of local regions over all frames. FerAWC [39] and CPCA [L0Z
algorithms, we achieve similar results.

In Figure8.10 we compare our approach SplitCoder to the Dynapack algoiji5]
that uses the Lorenzo predictor, the angle preserving gierdand CPCA. At similar
numbers of bits (Figur8.10(a)), our approach achieves better quality (uB®89 over
Dynapack and (up t82%) over the angle preserving predictor (maverg+andlég]. At
similar quality (Figures8.10(b)), our coder archives gains up 386, 8% and18% over
(maverg+angle), CPCA and Dynapack, respectively.
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Figure 8.9 Comparison of our method with different compression atpans.



144 Evaluation and Comparison

I Bl bvpf —@— da (%)

DS 0.018
<
T 0.016
+ 0.014
T 0.012
s T001 ¢
2 g
o T 0.008 5
+ 0.006
@ | - 0.004
+ 0.002
1 1 0
@ ¥
S &
S
S
&
0.0045
0.0040 -
0.0035 -
0.0030 -
§ 00025 =
S 0.0020 - =
0.0015 -
0.0010 -
0.0005 -
0.0000 -
A
&)
W
&%’

Figure 8.10 Comparison of our method SplitCoder (TP_LCF) with diffareampression algo-
rithms at similar bitrates (a) and at similar reconstrutteror (b)(chicken sequence). TP_LCF
refers to the time only predictor in LCF.
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8.6 RLPCA based Compression for Dynamic Meshes

This approach segments the mesh vertices into severalgodgpnilar motion. Then,
the local vertex coordinates of each set are transformedanoéther basis. To nd the
appropriate number of PCA components to represent thenatigiata in each set, we
introduce a rate distortion optimization for PCA based ogdithat trades off between
rate and the quality of the reconstructed animations. Thepcession is achieved by
encoding the PCA components and coef cients.

8.6.1 Compression Parameters

In this approach, we consider three parameters that canmmgtwe compression ratio
as discussed before in chapéiVe recall these parameters:

The number of basis vectors/ratelt.this number is xed for all clusters, then the
user de nes it (depending on the desired accuracy). Thefdtgs number is, the
better reconstruction will be (at the expense of less cosgioe). If the RDO is
used, then we will need only to specify the amount of compoesgate) or the
maximum number of basis vectors that are to be used to appabaieach cluster
as we do in our coding. The number of vectors in each clustdreis optimally
selected such that the total rate is below the given usei-sgeate (or the total
number of vectors is below the given user-speci ed maximwmhber of vectors).

The number of clusteis : If this number is very small, then the cluster may contain
vertices of different behavior and their local coordinataé$ have a large variation
over time. However, it is dif cult to nd a linear space thaf @ently represents
these coordinates using PCA.

The reconstruction errorThis error presents the deviation of the reconstructed po-
sitions from the original one. It is measured using L2-normthe metricda. More-
over, the metric L2-norm controls the compression durirggRDO. This number
should increase with decreases in the number of clustereentmber of eigenvec-
tors.

8.6.2 RLPCAVvs. LPCA

We want to nd the in uence of the clustering and the local cdioates on the bitrate
and on the reconstruction of animation. We performed LPCi#ls@world coordinate sys-
tem as well as in the local coordinate systems for a given rustif clusters, components
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L2 error of chicken sequence

—— Optimization of RLPCA at 1.5 bpvf
3.5f —PCA performed in LCS at 1.5 bpvf |- .
——PCA performed in WCS at 1.5 bpvf

L2 error

0 100 200 300 400
Frame number

Figure 8.11 The error plot for the chicken sequence using LPCA in the adv(standard LPCA)
and the local coordinates (RLPCA) and using the RD-optitiona(ORLPCA) (@0 clustersl0
components). The error is measured by the L2-norm betwesoritinal and reconstructed frame.

and bits of quantizatioN , L andgq, respectively. Furthermore, we compared LPCA with
the standard PCA.

Figure 8.11 shows the reconstruction results relative the originahfausingg. =
g, = 12 andL = 10 when the LPCA is performed in the world coordinates (greem) a
in the local coordinates (blue) and when the R-D optimizaiintroduced (red) at the
same number of bit per vertex per frame. We can see that thédoordinates are more
compressible than the original coordinates.

The improvement in the second curve (blue) (FiguEl) is due to the transformation
of the original data into local coordinates which forces to®rdinates of a vertex to
cluster around one point (see chap&r This improvement increases (red) when the
optimization were introduced.

Figure8.12and Figure3.14(a) shows the effect of the number of clusters and the com-
ponent on the frame reconstruction for the chicken animatging(N; L) =f (20; 10);
(20; 20); (10; 10)g and on the rate-distortion curves for the dance animatiorgu, 20
and30clusters.

Figures8.13 shows the reconstructed two frames in the chicken sequehea the
world and the local coordinates are used and when the ogatiioizis introduced using
10components andlO clusters.
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L2 error of chicken sequence
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Figure 8.12 The error plot for the chicken sequence using different nensibf clusters\ and
componentd.. (N;L) =f(20; 20) (blue); (20; 10) (red); (10; 10)(yellow)g. The error is mea-
sured by the L2-norm between the original and reconstrucsede.

8.6.3 RLPCA and ORLPCA vs. State of Art

Figures8.14 (b) and8.15 also illustrate the comparison to other methods as rate-
distortion curves for the cow (a), dolphin (d), and chickengnimations. At rst glance,
we can see that our approach achieves a better rate distpgiformance than the stan-
dard PCA, LPC and TG for the three models. This result is al/gince the animation
coding based on static techniques only exploit the spatilaéence and the linear pre-
diction coding only uses the temporal coherence. Furthexptbe standard PCA only
approximates the global linearity and is less effectivaimmnlinear animation.

For the CPCA and AWC algorithms, we achieve better or simnéaults. Figure3.15
(a) shows that for the cow animation our method is signi tgbetter than the method of
KG (PCA+ LPCA) and than the CPCA. And it comes close to AWC. therdolphin and
the chicken sequences our method performs better thareadiitbve methods. This im-
provement is due to the segmentation of the model into mgéuiparts (whose vertices
move quit similarly) as well as to the use of local coordisatgther than world coordi-
nates. On the other hand, the RLPCA performs well for the soafelarge number of
vertices in contrast to KG. Therefore, by combining RLPCAhPC, we might achieve
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Figure 8.13 Reconstructed chicken: Frame 314 and its zoomed view (tbetdw raws) and
frame 400 and its zoomed view (the two bottom rawByom left to right : Original, optimized
RLPCA, RLPCA, and LPCA performed in world coordinatéd$® €lusters;10 components).
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a better compression ratio. Figur@44(b) and 8.15also demonstrate that the rate dis-
tortion optimization we introduce in our algorithm (ORLPL& important for achieving
better compression performances especially when the nuohvertices is large and the
animation is complex.

From the computational viewpoint, PCA is computationalengive but in combi-
nation with LPC B2, it gives a better compression performance, particulemhya long
sequence of just a few number of vertices. CP@BT outperforms both methods since
they explore a robust segmentation which is based on a datgsetechnique but re-
mains expensive. In contrast, our RLPCA uses a simple segti@mand transformations
and achieves a better compression ratio.

Our Algorithm achieves an increased compression perfocmas computationally
inexpensive compared to a PCA for the full mesh and it is weited for progressive
transmission

8.6.4 Timings

Table 8.6 shows the timings in seconds of the cod{®®) and decodingt®°) pro-
cesses (without optimization) for the four animations watbomparison to CPCA™PS
for display while decoding). We observe that for the chickew cow animations, our
coder is much faster and performs better than CPCA. Our gjmesults are measured on
Pentium 4 with 2.53 GHz and CPCA on AMD Athlon64 XP 3200+.

Table 8.6 Comparison compression and decompression (RLPCA-Cingjetimings with
CPCA.

CPCA RLPCA
FPS d
Models | bpvf da te5s  teg | bRV da N L t75 tiey

chicken| 4.7 0.076 206 214 35 0.008 20 20 120 64
28 0139 395 215 22 0.043 20 10 115 64
28 0139 395 215 15 0.057 10 10 110 iy
cow 74 0.16 75 145 6.8 0.128 30 20 82 44
3.8 0.5 59 218 41 0470 30 20 40 5(
20 147 55 284 22 1220 10 10 70 28
dolphin | 7.1 0.024 - -l 39 0016 20 10 74 4(
4.1 0.033 - -l 21 0018 20 5 78 32
2.1 0.168 - -1 1.9 0066 10 5 39 25

OO0 (GO
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(@)

(b)

Figure 8.14 Rate distortion curves for dance and chicken sequences.
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(@)

(b)

Figure 8.15 Rate distortion curves for cow and dolphin sequences ubmgnetricda.
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8.7 Predictive-DCT based Compression

This section shows the results of the algoritRRCT that is based on cluster based-
prediction and DCT and the effect of different compressiarameters on compression
performance.

8.7.1 Compression Parameters

In uence of Cluster Numbers

The number of clusted is an important compression parameter that affects the com-
pression performance as seen in previous method RLPCA. igherthis number is, the
smoother the shape reconstruction will be and the lower ithete that is obtained. If
this number is too small, the vertices of the same cluster nednave differently relative
to their LCF. Thereby, the prediction in the LCF becomes pgelding poor compres-
sion. In contrast, IN is big, the variation of the vertex relative to the LCF of itaster
becomes smaller and the prediction is more effective.

Figures3.17and8.16illustrates the curves DCT coef cients/bitrate and coétictsta
for different numbers of clusters.

Figure8.22also shows the rate-distortion curves for different aniomet at different
numbers of clusters: dolphin usiri@ and40 clusters, chicken using0O, 25 and40 and
dance using 0, 20and40clusters. We observe théf clusters provide better error quality
and bit rate than usingO or 20 clusters.

In uence of DCT Coef cients

To nd the in uence of the number of DCT coef cients on the eaaind on the re-
construction of animation, we have run our coding on difiémesolution. Figure3.17
and8.16show the results of the number of these coef cients peroantliicken anima-
tion. When more coef cients are discarded, better compoes$-igure8.17) is achieved
at the expense of the reconstruction quality (Figlii5).

The effect of the cluster and coef cient numbers can also densn Figures3.18
and8.23
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Influence of coefficient numbers
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Figure 8.16 In uence of different numbers of zeroed DCT coef cients (%) the reconstruction
quality da using different number of clusters.

Influence of coefficient numbers
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Figure 8.17 In uence of different numbers of zeroed DCT coef cients (%) the bitrate using
different number of clusters.
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original
9.7 bpvf,0.009 1.2opvf, 0.48 0.9bpvf, 0.49
5.9 bpvf,0.009 1.50pvf,0.12 1bpvf, 0.14

Figure 8.18 Reconstruction fram60 of dolphin sequence, original mesh (top arrow), usifg
clusters (middle arrow) andlO cluster(bottom arrow). From left to right: using differemimbers
of non-zero coef cients%) and quantization levels100%12 bits), (2%,12 bits) and 2%,8 bits),
at various bit rates in bit per vertex per frame and decoding €da).

In uence of Quantization Level

Figure8.19illustrates the reconstruction samples of cow animatiowuliiberent quan-
tization levels6, 8, 12 bits. If a coarse quantization is used then the low value D&T ¢
ef cients will be zeros. Consequently, the ne details anstland only the coarse details
are detected. Moreover, the clustering process will redaiacceptable visual quality.

The more coef cients that are zeroed, the more coarser thatqation is, and that
better the compression will be at the expense of visual appea. The ner details can
be preserved when only a ner quantization is used and fewaeats are thrown away.
For example, i60%of coef cients have zero values then we udgbits quantization. If
90%we use8 bits only.

Recall that the delta vectors of the rst frame are encodedgu$2 bits quantization
while the delta vectors of the LCFs in the whole sequence @aatiged to 16 bits.
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Figure 8.19 Reconstruction sample frames of cow animation using diffequantization levels.
From top to bottom§, 8, 12 bits.
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Figure 8.20 Comparison of our method with different compression atpans at almost similar
bitrates (a) and at similar reconstruction error (b) (chitkequence).
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8.7.2 PDCT vs. State of Art

Figure8.22illustrate the results of running of our coder on three atiioms compared
with different methods.

For the three models PDCT preforms better than the standa#d IEPC, KG and TG.
This is because, as motioned before, the animation codisedban static mesh compres-
sion technique only (TG) exploits the spatial coherencg,dhé linear prediction coding
(LPC) uses the temporal coherence only and PCA approxinta¢eglobal linearity and
is less effective for nonlinear animation. while PDCT expilbe coherence in both space
a time domain.

For the CPCA and AWC algorithms, we achieve better or sinndaults. Figure3.22
(a) shows that for the cow animation which contains extreeferthations, our method
is signi cantly better than the KG method and comes closéhoo@PCA and to wavelet
based methods (TLR®E] and AWC).

For the chicken and the dolphin sequences, our method pesfbetter than all the
above methods, including the predictive techniques (Dgsok@and maverg+angle). This
improvement is due in one hand to the clustering of the mawelrigid parts, making
the prediction more ef cient in the local rather than the ldorcoordinates, and on the
other hand to the further DCT coding, which leads to a sigamtreduction in the overall
entropy.

The RLPCA method overcomes all other methods, including,dar chicken anima-
tion while it comes close to our for the other models. Our mmdtRDCT uses as similar
clustering process as RLPCA scheme. However, the differarises in the way of encod-
ing the local coordinates. The RLPCA considers the entustel sequence and exploit
the global coherence using PCA. While PDCT have to encoaesfiay frame using pre-
dictive and spatial DCT coding, the method is well suitedréal-time compression.

In Figure8.20, we compare our approach against several approachesnagglsim-
ilar quality (Figures3.20(a)), our coder archives gains up30%and27% over the angle
preserving predictor (maverg+angle) and CPCA respegtiugt (almost) similar num-
bers of bits (Figure8.20(b)), our approach obtains better animation quality fiz8oup
to 76%over maverg+angle&1%over Dynapack (using Extended Lorenzo Predictor) and
95%over TLS.
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Figure 8.21 Rate distortion curves for the cow (a), dolphin (b), and kait(c), (d) sequences.
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Chicken sequence
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Figure 8.22 Rate distortion curves for the chicken (a) and dance (f) secgs using different
number of clusters.
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(original)

(40,12,100)

(40,12,50)

(40,12,30)

(40,12,2)

(10,12,2)

(40,8,2)

(10,8,2)

Figure 8.23 Reconstruction sample frames of dolphin sequence. The exsmibthe rst column
are the number of clusters, quantization level and coeftimumber (%5).
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8.8 Comparison of the Proposed Methods

We already compared our algorithms to some methods from-sfedirt based on their
results reported in their papers. Indeed, we did not obtanréconstructed animation
sequences of these methods. We also did not use their smdeetthe distortion mea-
surement that computes the reconstruction distortionsarerthe comparison is properly
performed. Of course, the compression parameters affesettpuence reconstruction and
the comparison to the other methods.

In this section, we restricted the nal experiments to thenparison between our
implementation codes only.

Itis obvious that the method that exploits both spatial @natoral coherence achieves
better compression ratio than the method that exploits ong. Our proposed methods
for 3D dynamic mesh compression combine different schemesloit the coherence in
both space and time:

1. SplitCoder:

LCF: spatial coherence
vertex based-predictor (relative to LCF assigned for eattex): spatial and
temporal coherence.

2. PDCT:

clustering: spatial and temporal coherence.

LCF: spatial coherence.

differential coding of LCF: temporal coherence.

cluster based-predictor: spatial and temporal coherence

DCT: spatial coherence.
3. RLPCA:

clustering: spatial and temporal coherence.
LCF: spatial coherence.
differential coding of LCF: temporal coherence.

PCA: temporal coherence.

Table8.7 summarizes the characteristic of the proposed compressatimods for an-
imated meshes.
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Table 8.7 Characteristic of the proposed approaches SplitCoder, TPBx@l RLPCA

splitCoder PDCT RLPCA
lossless/lossy|| not lossy lossy lossy
category vertex-based cluster-based cluster-based
coherence locally (frame by frame) locally (frame by frame) globally
connectivity || dependant independent independent
complexity * o o
encoding time| * few sec. *** few sec. to min. ** few sec.
decoding time|| * fast o * very fast
remarks well-suited for suited for allows progressive
realtime applications | realtime applications | transmission
more practical

SplitCoder is vertex based-predictor, for each vertex areha construct LCF and
perform predictive coding. The advantage of SplitCodetsddssless nature. The dis-
tortion is due only to the quantization. Typically, betwedhand 12 bits, we obtain an
animation sequence thatis indistinguishable from thamaigpne. Moreover, itis simple,
fast (in the order of few seconds), well-suited for real tiapplication, and outperforms
several existing compression techniques based on PCA, anealictive coding. The only
disadvantage of this method is that it does not allow very lbawates. This is because
at low quantization level (typically 5 and 6 bits), somenigées may become degenerated
and consequently, the reconstruction of the LCF is impdssib

PDCT is lossy technique, more complex than splitCoder Haowal low bit rate and
we need only one LCF per cluster. DCT is introduced for furtheta reduction, yield-
ing uncorrelated coef cients, which are well compressitilan the delta vectors. This
methods is more expensive than SplitCoder because for eatie fand for each cluster,
one have to perform DCT coding and computer the inverse DQ€&donstruct the cur-
rent frame for further encoding. Recall that always the entrframe to be encoded, is
predicted from the previously decoded one, to avoid errourilation.

RLPCA is lossy compression, less complexity than PDCT butemommplex than
splitCoder, while decompression algorithm is the most &&nand the fastest one, com-
pared to the above methods. When a bit allocation is intred(©RLPCA), better com-
pression ratio is obtained at the expense of processingdiraecoding.

Figures8.25 8.26 and 8.24 llustrate the comparison between the three methods as
rate-distortion curves for the dolphin, dance, cow, chicked snake animations. One can
see that RLPCA and ORLPCA outperforms PDCT and SplitCodénefy low bitrate,
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this later is not ef cient. In case of high bitrate, lower @igion is obtained and all
methods come close to each others.

The following gures8.27, 8.28 8.29 8.30 8.31, 8.32 8.33 8.34 8.35and8.36show
the original and the reconstructions of sample frames flwgrdince, dolphin, cow, snake
and chicken animations, using the proposed approachewiédrsbitrate.

At high bitrate it is dif cult to see the difference of visuabpearance between the
original and the reconstructions. In case of more distorttogh compression ratios is
achieved.

One may also notice that the reconstructed frames using RLA&€ nearly identical
to the original frames. The distortion incurred is alwaysyvemall compared with the
error incurred by PDCT and SplitCoder methods and the goatpoession ratios make
the method RLPCA the most attractive one.

The distortion introduced by PDCT is also almost less thardiktortion produced by
SplitCoder. This is obvious, at low bitrate, SplitCoder & ef cient. Indeed, the mesh
reconstructions exhibit blocky artifact due to the low gtization level.

At similar bitrate, PDCT yields better reconstruction doeDCT based coding that
may reduces the the blocky artifact at low bitrate. Inde&dy &CT transform, the major-
ity of signal energy concentrates on the low frequenciediéttelon the high frequencies.
Hence, the high frequencies can be zeroed yielding a signt ceduction in the over-
all entropy. The signal can then be represented by few higreveoef cients without
signi cant distortion.

Note that the blocking effect also appears in PDCT if the neinab coef cients to be
zeroed is very large or if the quantization level is very low.

We also computed the gain of each method at similar level sibdion. We found
that the gain of OLPCA over RLPCA is up &2%due to the bit allocation introduced for
PCA. The gain of RLPCA over DCT and SplitCoder are u286and69% respectively.
The gain of PDCT method over SplitCoder is up/t8% Note that the gain varies with
compression parameters and animation sequences. For lexédonphe snake animation,
RLPCA come close to PDCT while their gain over SplitCoderpda@73% For chicken
animation, the gain of RLPCA over DCT is ab@6%and over SplitCoder is abod8%
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Figure 8.24 Rate distortion curves for snake sequence using diffen@mtoer of clusters
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Figure 8.25 Comparison between the proposed approaches for dolphidaarmgt animations
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Rate distortion of cow sequence
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Figure 8.26 Comparison between the proposed approaches for cow arlceohanimations
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Figure 8.27 Comparison of RLPCA and PDCT at a similar bitrate. Frame aQ:ofiginal and
(b) RLPCA and (c) PDCT.
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Original
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Figure 8.28 Comparison of PDCT and SplitCoder at a similar bitrate. Fed@: (a) original
and (b) PDCT and (c) SplitCoder.
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Figure 8.29 Comparison of RLPCA and SplitCoder at a similar bitrate.nf@eb0: (a) original
and (b) PDCT and (c) SplitCoder.
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Figure 8.30 Comparison of RLPCA and PDCT at a similar bitrate. Frame &:ofiginal and
(b) RLPCA and (c) PDCT.
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Figure 8.31 Comparison of PDCT and SplitCoder at a similar bitrate. Faa@: (a) original
and (b) PDCT and (c) SplitCoder.
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Figure 8.32 Comparison of RLPCA and PDCT at a similar bitrate. Frame a9:0figinal and
(b) RLPCA and (c) PDCT.



8.8 Comparison of the Proposed Methods 173

original

RLPCA

SplitCoder

(@) (b) ()

Figure 8.33 Comparison of RLPCA and SplitCoder at a similar bitrate.nf@&b9: (a) original
and (b) RLPCA and (c) SplitCoder.



174 Evaluation and Comparison

original

RLPCA

SplitCoder

(@)

(b) (€)

Figure 8.34 Comparison of RLPCA and SplitCoder at a similar bitrate.nf@ad0: (a) original
and (b) RLPCA and (c) SplitCoder.
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Figure 8.35 Comparison of RLPCA and PDCT at a similar bitrate. Frame 4:ofiginal and
(b) RLPCA and (c) PDCT.
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Figure 8.36 Comparison of RLPCA and PDCT at a similar bitrate. Frame g8y original and
(b) RLPCA and (c) PDCT.



CHAPTER 9

Conclusion and Future Work

This thesis addressed the problem of storage space andntssien of static and
dynamic three-dimensional meshes.

We began with a review of static and animated mesh compressihiniques, as well
as some general compression methods which are used as prposssing step in the
current mesh compression algorithms. Then, we presentgdompression techniques
for static and animated meshes, and segmentation appsofctenimated meshes.

For static mesh compression, we proposed a higher ordeicpogdtechnique to en-
code the mesh geometry. We split the coding into tangentidlreormal components
and we encoded them separately. For an improved encodirigeafdrmal component,
we developed higher order predictors based on surfaceg tind sphere tting, taking
advantage of the large correlation between neighborinicest.

In the context of animated mesh compression, we develoggdesgation approaches
to group the vertices of similar motion within all types ofi@ation. Segmentation has
the advantage that it decreases computational costssgmwes global shape when lossy
compression is performed and that it increases predicticreecy, thereby achieving
the best bit-rate compression. We have proposed three deliased on region growing,
clustering and adaptive clustering, taking advantage efsipatial and temporal coher-
ence. Visually as well as metrically, clustering approaoiehibit better partitioning into
almost rigid groups than the region growing based algoritfitmese approaches can be
useful for many applications.
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For animated mesh compression, we have developed threecabes:

The rst approach, SplitCoder, is a connectivity-guiderggictive compression tech-
nique. The algorithm splits the vertex coordinates intcapeatric and curvature infor-
mation. As result, the coordinate space exhibits a largsteting behavior, allowing
more compact representation. Then, each component is ethseparately using predic-
tive coding and quantization. The proposed predictor pcedwffsets whose distribution
is close to zero and allows a low-entropy. This approachngpk, ef cient and has a
low computational cost which makes it well-suited for réate compression and decom-
pression. The drawback is that it does not support a prageessmpression and is not
ef cient at very low bit rate. Introducing vector quantizat might be very ef cient, as
it enables a higher quantization error in the tangentiaation, resulting in a change of
parametrization only and not in a larger geometric errois Phimarily reduces the code
length of the tangential components. Moreover, it will @lloompression at very low bit
rates.

The second approach, RLPCA, is based on the local PCA, wiaiptues the linear
correlations present in the datasets and represent mestegeusing very few compo-
nents and coef cients. Taking advantage of mesh clustesiigch produces near-rigid
clusters, we have transformed the original vertex cootdmato the local coordinate
frame of their cluster, making each one slightly invariamahy deformation over time.
Therefore, performing a PCA in these invariant groups ofiees leads to a more com-
pact representation than the original data. In order toeaehan optimal tradeoff between
the bitrate and the quality, we have introduced the rat@diet optimization for PCA,
based on an incremental computation of the convex hull.

The third method, PDCT, is inspired from video coding. In trast to the vertex
based, predictive coding SplitCoder, the algorithm usdaster based predictive coding.
During pre-processing, the animated mesh vertices argipaed into clusters, similar to
macroblocks in video coding. Next, we made predictions alttal coordinate frame.
Then, we transformed the resulting delta vectors of eacstelun each frame into the
frequency domain using a discrete cosine transform to eethe code length, since the
entropy in frequency domain is smaller than the entropyrapdf delta vectors.

The effectiveness of prediction coding depends stronglyhenclustering process.
Indeed, if the vertices are well clustered then the motidatike to the LCF between
two successive frames tends to be zero. The drawback of dpeged approach is that it
does not support progressive transmission. Similar to ttfRGA, the clustering in PDCT
produces clusters of different sizes and one has to choosedanumber of coef cients to
be discarded, for all clusters. Consequently, one may hese tiing and under- tting.
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Typically, when very few coef cients are used, not all frasnean be reconstructed at the
same desired level of quality. Therefore, to overcome trasvback, one can introduce a
rate distortion optimization that trades off between ratd the total distortion. Another
alternative DCT based approach, is to combine the tem@€al-with predictive coding
in the local coordinates. This approach is more suitabl@fogressive transmission.

Note that both approach SplitCoder and PDCT take advantiaigenoe-to-frame co-
herence. SplitCoder processes vertex after vertex and RilSTer by cluster. In con-
trast, RLPCA considers the entire mesh sequence and asdhealobal coherence of
each animated sub-meshes.

For a large sequence of meshes, the animation may becomecomomex and the
clustering can produce poor prediction for some succefsinees. Therefore, we propose
to cut the sequence into short clips and update the clugtésmeach clip separately. In
the PDCT approach, the rst frame of each clip should be eada@patially as an I-frame
while in the PCA based approach, the RLPCA can be directlippeed in each clip.

According to the experimental results, RLPCA yields a gaad/distortion ratio, and
signi cantly outperforms PDCT and SplitCoder. Furthermothe compression parame-
ters (the number of clusters, the number of PCA componem&IT coef cients and
the level of quantization) strongly affect compressiorf@@nance.

On the other hand, the three approaches are competitive edmepared to the state-
of-the-art techniques. They even provide a signi cant ioy&ment in compression ratio
over some existing coders.

Our methods are signi cantly better than the KG method anch&® close or even
better than the CPCA and wavelet based methods (TLS and ARI€t), we achieve rate
distortion performance better than the standard TG whigho#s the spatial coherence
only, the LPC which exploits the temporal cohence only, KGARLPC) and the stan-
dard PCA which approximates the global linearity and it ssleffective for nonlinear
animation.

The proposed approaches also perform better than the pvediechniques (Dyna-
pack andmaverg+angle). For PDCT, the improvement is duédoclustering of the
model into rigid parts making the prediction more ef cientthe local rather than the
world coordinates and to the further DCT coding which leaxla signi cant reduction
in the overall entropy. SplitCoder's ef ciency is due theediction and the quantization
which are performed in the local space. This shows high etirgj behavior of the vertex
coordinates as well as the coordinates of delta vectorgeblgea signi cant reduction in
the overall entropy is achieved.

In the end, it is important to note that our coders PDCT and ®ARs well as the
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clustering process can be applicable to point-based meadisds regardless of how the
animation is generated.

Another challenging problem is to develop a new error mesasent. During our
experiments, we observed that sometimes one may have a &arge but have better
visual quality. It is possible that, for a similar error metda, the visual quality of both
the original and the reconstructed frames, are differerceRtly, some work has been
done in this direction, but there is till much to be done. Wanpto develop a metric
that takes in to consideration both the spatial and the teahjpaformation, locally and
globally over all sequences.

To close this dissertation, our experience is the following

For the compression of static meshes, the higher ordergii@discheme based on
polynomial graph function tting shows to be ef cient for eading of mesh geometry.

For the segmentation process, if the time is critical in yapplication then the clus-
tering approach would be ef cient to break down the animatbgect into rigid parts,
otherwise the adaptive clustering approach is used. Vagnoft is desirable for many
application to have a segmentation that produces autoafigttbe number of segments.
Typically, in the context of compression, in static clustgr we recommend to use a
number between 18 and 25 clusters. This number should sereh the complexity of
animation to obtain rigid parts.

For compression of mesh sequences, if all frames are notrkitwen predictive based
compression is the most suited algorithm. If all frames arewn, and a low bit rate is
desired, then RLPCA is the preferred approach. This algoris cheapest, most ef cient
to use and its decompression process is very fast. The ga#ati level is xed at 16 bit
for the points that construct the local coordinate framesXhfor PCA coef cients.
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