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Abstract
This paper proposes a novel approach for 3D mesh compression, based on a skinning animation technique. The core of the proposed method is a piecewise affine predictor coupled with a skinning model and a DCT representation of the residuals errors.
The experimental evaluation shows that the proposed skinning-based encoder outperforms (with bitrates gains from 47% to 67%) GV, RT, MPEG-4/AFX-IC, D3DMC,
PCA and Dynapack techniques.
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Introduction
The growing industries of CGI (Computer Generated Imagery) films and video games extensively exploit dynamic 3D content.
Most often, such content is represented as highly memory consuming animated 3D
meshes, that need to be efficiently stored, transmitted and visualized over various types
of fixed or mobile networks and terminal devices.
The bone-based animation (BBA) technique adopted by the MPEG-4 AFX (Animation
Framework eXtension) standard [1] provides an intuitive and compact motion representation of such dynamic meshes, expressed in terms of 3D pose parameters associated with a
hierarchical animation skeleton.
The skinning model is transmitted only once, for the first frame. Then, solely the animation parameters are transmitted for each frame.
The MPEG-4/AFX approach requires the creation of advanced skinning models, involving the partition of the mesh vertices into regions of influence associated with bones, the
specification of weighting coefficients for each mesh vertex, the integration of additional
bones for simulating complex, non-rigid motions...
Such skinning models are manually created, with the help of complex 3D authoring
environments (such as Maya, 3DS Max...). This tedious modelling process requires both
technical and artistic skills, and involves a huge amount of human and financial resources.
For this reason, content creators are reluctant to the BBA technology, which requires the
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transmission of such expensive skinning models that may be reused by tierce for generating
new 3D contents. The animation industry currently disregards such a framework, which is
not designed for managing intellectual property issues.
Therefore, industry usually adopts a key-frame representation to ensure content protection. Here, neither the skinning model nor the animation parameters are transmitted. Instead,
the animation sequence is stored as a set of consecutive 3D meshes representing key-frames.
The intermediate frames are derived by applying interpolation procedures.
Key-frame representations model generic animations and handle the content protection
issue. In addition, they are completely independent of the underlying animation technique
used for generating the content (physical simulations, morphing and skinning techniques,
motion capture, motion cloning/retargeting approaches...), and thus provide a generic format for consistent and multi-platform 3D animation. However, the main drawback of such
representations is related to the huge amount of data required, since even for short sequences
of a few minutes, several thousands of key models are needed. Elaborating then efficient
coding techniques for such memory-consuming representations becomes a crucial issue.
This paper proposes a new skinning-based approach for dynamic 3D mesh compression.
Our main contribution deals with the motion modelling stage, which is formulated as an
inverse problem. Starting from an arbitrary key-frame mesh representation that can be generated with any of the above-mentioned animations techniques, a skinning animation model
is derived and exploited for motion compensation within a hybrid predictive/DCT-based
compression scheme.
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Section 2 presents a critical overview of the state-of-the-art dynamic mesh compression
techniques. Section 3 describes the proposed skinning-based encoder and details its main
stages: motion segmentation, piecewise affine motion and animation weights estimation,
and temporal-DCT-based representation of the residual errors. The performances of the
skinning-based compression technique are objectively evaluated and discussed in Section 4.
Finally, Section 5 concludes the paper and opens perspectives of future work.

Related Work
Let us first recall the concept of time-dependent geometry compression, introduced in [2].
Let (Mi )i∈{0,...,F −1} be a sequence of meshes (F stands for the number of frames) with
a constant topology T , and a time-varying geometry, denoted by (G i )i∈{0,...,F −1}. Here, the
mesh geometry Gi at frame i is represented as a vector of size 3 × V (with V being the
number of vertices), which includes the three x, y and z coordinates of the whole set of
mesh vertices.
The goal of time-dependent geometry compression is to elaborate adequate and compact representations of the geometry sequence (Gi )i , taking into account both spatial and
temporal correlations.
The issue of dynamic 3D mesh compression has gained rapidly the interest of the scientific community as testifies the important number of recently developed works reported in
the literature (see [3] for an overview).
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In [2], Lengyel introduced the first clustering-based approach for encoding dynamic
3D meshes. The principle consists of splitting the mesh into sub-parts whose motion can
be accurately described by rigid transforms. The object’s motion is described by a set of
rigid motion parameters associated with each cluster and the prediction residuals associated
with each vertex. The Lengyel’s approach is further improved in [4], where animation is
expressed only in terms of rigid transforms (RT). Authors introduce a new weighted least
square mesh segmentation algorithm which minimizes the number of clusters under a distortion bound criterion.
A different clustering-based compression scheme is proposed in [5]. Here, the motion
field of each frame is represented as an octree structure and a set of associated motion vectors. An optimized version of this approach, so-called Dynamic 3D Mesh Coder (D3DMC)
is introduced in [6]. Such clustering-based approaches are able to compactly describe a
large category of motions. However, their major limitation is related to the segmentation
procedure which is computationally complex. In addition, such algorithms generally cause
disgraceful discontinuities at low bitrates at the level of the cluster borders, since different
motion models are considered.
The Interpolation Compression (IC) scheme [7] recently adopted by the MPEG-4 AFX
standard proposes a key-framing technique. The animated mesh is represented as a set of
key-frames undersampling the initial sequence. The in-between frames are obtained by applying an interpolation procedure. Furthermore, the redundancies between successive keyframes are eliminated by applying a local spatio-temporal prediction scheme. The Dynapack
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approach [8] exploits a similar spatio-temporal prediction strategy with more elaborate predictors. The MPEG-4/AFX-IC and Dynapack techniques offer the advantages of simplicity
and low computational cost, which makes them well-suited for real-time decoding applications. However, because of the underlying deterministic traversal of the mesh vertices
involved, such approaches do not support more advanced functionalities such as progressive
transmission and scalable rendering.
In [9], Alexa and Müller introduce a different class of approaches based on a principal
component analysis (PCA) of the mesh deformation field. In [10], Karni and Gotsman enhance the PCA approach by introducing a second order temporal linear prediction. An additional refinement is introduced in [11], where authors propose to partition the mesh vertices
into a set of clusters that are optimally adapted to a PCA representation. The PCA-based approaches are specifically adapted for long repetitive animation sequences of small meshes.
However, they suffer from the high computational complexity (cubic with the number of the
mesh vertices) of the singular value decomposition algorithm involved.
The Wavelet Animation Compression (AWC) approach [12] constructs irregular wavelets
on the top of a progressive mesh hierarchy. The AWC achieves very low bitrates while fully
supporting progressive transmission and scalable rendering functionalities. However, the
AWC approach is well-suited only for large meshes with a few connected components.
The Geometry Video (GV) [13] technique exploits a mesh cut and a stretch minimizing parameterization [14] over a 2D square domain. Here, the initial mesh connectivity
is completely discarded and replaced by a regular one, obtained by uniformly sampling the
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parametric domain. The resulting sequence of geometry images is then compressed by using
traditional video encoding techniques. A motion compensation procedure based on a global
affine motion model is first applied. The resulting prediction errors are then compressed
by using a wavelet-based encoding scheme. The main drawbacks of the GV approach are
related to the remeshing procedure involved which may lead to a loss of surface details and
tangent plane discontinuities at the level of the cut.
In this paper, we propose to compress 3D dynamic meshes by converting them into
a more compact skinning-based representation. The next section describes the proposed
approach and details its main stages.

Skinning-based compression
The proposed approach determines for a 3D dynamic mesh a skinning model that can be
used subsequently for animating the mesh. The skinning model considered in this paper is
inspired from the MPEG-4/BBA standard [1]. Figure 1 illustrates the encoding process.
First, the mesh vertices are partitioned into patches whose motion can be accurately
described by a 3D affine transform. An affine motion model is then associated with each
patch and for each frame. Finally, the motion of each vertex is described as a weigthed
linear combination of the clusters motions.
The affine motion is always estimated with respect to the first frame in order to (1)
enable random access to the animation frames, and (2) handle efficiently the loss of inter-
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mediate information in the context of network applications. The first frame of the sequence
is statically encoded by using the Touma and Gotsman [15] approach. The residual motion
compensation errors are finally compressed using a temporal-DCT-based encoding.
Let us now detail each block of the proposed compression scheme, starting with the
motion-based segmentation stage.

Motion-based segmentation
The objective of the segmentation stage is to obtain a partition π = (π k )k∈{1,...,K} of the
mesh vertices into K clusters whose motion can be accurately described by a 3D affine
transform. The proposed approach, detailed here-below, takes into account the motion of
the mesh vertices over the whole set of frames in the sequence.
First, an affine transform Avi is associated with each vertex v ∈ {1, ..., V } and for each
frame i ∈ {0, ..., F − 1}, such as:

Avi = arg min
A


p∈v∗


Aχp0 − χpi 2 ,

(1)

where:
• A is a 4 × 4 matrix representing an affine transform in homogeneous coordinate:
⎞
⎛
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⎟
⎜
⎟
⎜
⎟
⎜ a
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⎜
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⎟
⎟
⎜ a
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a
t
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⎟
⎜
⎠
⎝
0
0
0 1
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(2)

with coefficients (ai,j ) describing the linear part of the affine motion and (tx , ty , tz )
the translational component,
• v ∗ = {p1 , p2 , . . . , pq } is the third order neighborhood of the vertex v (i.e., vertices
connected to v by a path consisting of at most three edges),
• χpi = (xpi , yip, zip , 1)t is the vector of homogeneous coordinates of vertex p at frame i.
The solution of the least squares minimization problem described in equation (1) is given
by:
a = (M t M)−1 M t b,

(3)

with a = (a1,1 , a1,2 , a1,3 , tx , a2,1 , a2,2 , a2,3 , ty , a3,1 , a3,2 , a3,3 , tz )t and
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Finally, for each vertex υ the set of affine transforms (Avi )i∈{0,...,F −1} over the whole
sequence is stored as a single vector αv ∈ R12×F (since an affine transform is completely
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defined by the 12 coefficients (ai,j ) and (tx , ty , tz )). The partition π is then obtained by
applying the k-means clustering algorithm [16] to the vector set (α v )v∈{1,...,V } .
Figure 2 shows some segmentation results for the animated meshes "Dance", "Chicken"
and "Snake". The number of clusters K was set here to 20. We note that for the articulated
characters the algorithm successfully recovers the corresponding body subparts. In all cases,
the procedure yields clusters consisting of topologically connected vertices, even if no topological information was taken into account by the k-means clustering algorithm. Intuitively,
this results shows that the piecewise affine motion modelling detailed in the next section is
well suited for describing complex motions.

Affine motion estimation
Once the partition of the dynamic mesh determined, for each frame i the motion field is
modeled as a set of K affine transforms denoted by (Hik )k∈{1,...,K}. With the same notations
as above, the affine transform Hik associated with patch k at frame i is defined as:

Hik = arg min
A




Aχυ0 −

χυi 2

.

(5)

υ∈πk

The set of affine transforms (Hik )k∈{1,...,K}, together with the partition π provide a piecewise affine predictor of the frame i from the frame 0 defined as :
∀ v ∈ {1, ..., V },

k(v) υ
χ0 ,

χυi = Hi

where k(v) denotes the cluster to which the vertex v belongs.
10

(6)

v,y v,z
t
The prediction errors evi = (ev,x
i , ei , ei , 0) are defined as:

∀ v ∈ {1, ..., V }, evi = χυi − χυi .

(7)

Figure 2 shows the original frame 36 of the "Snake" animation, its predicted version
with K = 20 clusters and the distribution of the prediction errors, expressed as percentage
of the object’s bounding box diagonal, and represented in pseudo-colors.
We note that the proposed predictor captures well the affine motion of the mesh clusters. The maximal prediction error represents here only 4% of the first frame’s bounding
box diagonal. We also note that the highest error values are obtained at the level of the
cluster boundaries. This shows the limitations of the piecewise affine motion model which
introduces inherent discontinuities at the frontier of adjacent patches.
In order to overcome such a limitation, we propose to refine the motion model, by introducing a skinning model such as those involved in the field of 3D animation.

Skinning model and estimation of animation weights
The principle of skinning animation consists of deriving a continuous motion field over the
whole mesh, by linearly combining the affine motion of adjacent patches with appropriate
weighting coefficients.
Here, the predicted position χυi of a vertex υ at frame i is expressed as:

χυi

=

K


ωkυ Hik χυ0 ,

k=1
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(8)

where ωkυ is a real-valued coefficient that controls the motion influence of the patch k
over the vertex υ.
The objective is to determine, for each vertex υ, the optimal weight vector ω υ = (ωkυ )k∈{1,...K}
defined as:

ω υ = arg min

b∈RK

F
−1


K


i=0

k=1

2

bk Hik χυ0 − χυi

.

(9)

In practice, it is reasonable to consider that a patch influences solely the motion of its
own vertices and of those belonging to neighboring patches. Let k(υ) be the cluster to
which the vertex υ belongs and θ(υ) the set containing k(υ) and its neighbors. Equation (9)
is solved under the following constraints:

∀k ∈
/ θ(υ),

bk = 0.

(10)

Equation (9) with constraints (10) leads to a least squares optimization problem that can
be solved by using a pseudo-inverse-based method [17].
Figures 2.h and 2.i present the results obtained for the "Snake" sequence. This time the
motion compensated model shows no normal discontinuities. In addition, the maximal and
mean residual errors are decreased by a factor of 35% and 31%, respectively.
v,y v,z
The residual errors(ev,x
i , ei , ei ) are finally compressed by using a temporal-DCT-

based encoding scheme as described in the next section.
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Temporal DCT-based compression
For each vertex v of the dynamic mesh, we consider the associated prediction errors (ev,x
i )i ,
v,z
v,x
v,y
(ev,y
i )i , and (ei )i (i ∈ {1, , F }) as three temporal sequences. The spectra (si )i , (si )i ,

and (sv,z
i )i of each error sequence is then determined by applying a monodimensional DCT
over the time domain.
This procedure is applied to all the mesh vertices. The obtained spectral coefficients are
then multiplexed into a single vector S of dimension 3 × V × F defined as follows:

S=

v,y v,z t
(sv,x
i , si , si ) ,

(11)

i∈{1,...,F } v∈{0,...,V −1}

where

represents the concatenation operator.

Since the DCT transform concentrates the energy of a smooth signal on the low frequency band, the majority of the DCT coefficients will have a small magnitude, which
makes them well-suited for arithmetic encoding.
Moreover, the concatenation process, described in Equation (11), makes it possible the
progressive transmission of the DCT coefficients from low to high frequencies, and thus the
reconstruction of an approximated animation sequence at any stage of the decoding process.

Discussion on future improvements
As previously described, the method takes into account the entire sequence at each stage of
the encoding scheme (motion segmentation, skinning model estimation, temporal DCT). In
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practice, for real-life sequences which might include thousands of frames, such an approach
is not directly tractable, for obvious reasons of computational complexity and memory requirements.
That problem can be solved by applying an intra-refreshing technique which consists
of temporally dividing the mesh sequence into fixed or variable length segments of "reasonable" sizes (e.g., a few seconds of video). Such an intra-refreshing technique makes it
possible to compute multiple skinning models with different animation weights for each
segment or even multiple motion-based partitions.
In addition, both dynamically changing weights and temporal segments can be determined by using for instance a time-separated version of Equation (9).
Such improvements will make the subject of our future developments. However, this
paper aims at investigating and objectively validating the representation power of the proposed skinning approach. Hence, we consider, without loss of interest, the case of a unique
skinning model per sequence.

Experimental results
Evalution corpus
In order to be able to perform objective comparisons, we have considered a data set of 4
animation sequences, used by the majority of the works reported in the literature, and so-
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called "Dance", "Chicken", "Humanoid", and "Snake". Table 1 summarizes their properties,
expressed in terms of numbers of vertices (V), frames (F), and connected components (CC).
The considered models offer a good variability in terms of both spatial and temporal
sizes varying (1) from 3030 (for the "Chicken" model) to 9179 vertices (for the "Snake"
model), and (2) number of frames ranging from 134 to 400. All models are composed of
unique CC, excepting the "Chicken" mesh, which includes 41 CCs, with an average of 73
vertices per CC. From the motion point of view, the "Dance", "Humanoid" and "Chicken"
sequences exhibit articulated motion, while the "Snake" sequence presents local elastic deformations.

Objective evaluation criteria
In order to compare the compression performances for mesh sequences with various number
of frames and vertices, the compression rates are expressed in terms of bits per vertex per
frame (bpvf).
The compression distortions are measured by using the RMSE error [18] between initial
and reconstructed (decoded) meshes. The RMSE error between two mesh sequences is
defined as the mean value of the frame to frame RMSE, computed over all the frames of the
sequence.
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Compression results
In our experiments, the real coefficients describing the affine transforms and the animation
weights were quantized on 16 bits. The first frame of the sequence was encoded by using the
Touma and Gotsman approach [15], geometry being quantized on 12 bits. The prediction
residuals were quantized on 7 bits. The results obtained by the D3DMC, AFX-IC, RT, PCA,
Dynapack and GV techniques are those reported in [6], [4], [8] and [13].
In order to be able to perform a fair comparison with other approaches of the literature, the bitrates reported here below include the side information related to the first frame
(statically encoded mesh, partition and animation weights), and the affine motion parameters characterizing each individual frame. Table 1 summarizes the sizes of the bitstreams
obtained for the considered test sequences.
For such short test sequences (up to 400 frames) the first frame side information represents a significant part of the total stream at the beginning of the progressive transmission
process. However, in practice we expect to deal with much longer sequences (at least several
minutes representing thousands of frames). In this case, the side information becomes negligible. In order to unbias our results, we present the rate distortion curves with and without
the side information.
Figure 3.a illustrates the performances of the skinning-based, AFX-IC and D3DMC encodrs for the "Humanoid" dynamic mesh. Here, the skinning-based approach provides up
to 67% gain in term of bitrates over the D3DMC. The AFX-IC performances are far from
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those of the skinning-based encoder which reaches up to 98% lower compression distortion.
The low compression performances of the AFX-IC technique is explained by the local character of the prediction procedure involved, which consider an elementary spatio-temporal
predictor.
Figure 3.b compares the performances of the skinning-based encoder to those of D3DMC,
AFX-IC, RT, and Dynapack approaches for the "Chicken" sequence. Here, D3DMC and
the skinning-based approach outperform all the other encoders for low bitrates (less than
4 bpfv). In addition, the skinning-based encoder achieves up to 47% lower bitrates than
D3DMC at the same distortion. This can be explained by the non-optimality of the octreebased motion decomposition considered.
Figure 3.c presents a comparison between the skinning-based approach and the GV encoder. The skinning-based encoder shows up to 65% lower bitrates than GV at the same
distortion for the "Dance" animation sequence.
Finally, figure 3.d illustrates the rate/distortion performances for the skinning-based,
RT and PCA approaches for the "Snake" sequence. The PCA approach leads here to the
worst compression performances. This results from the PCA technique is optimized for
animation sequences with a number of frames much greater than the number of vertices
(F  V ). Such an assumption is obviously not satisfied by the "Snake" sequence (F = 134,
V = 9179). Here again, the skinning-based encoder provides up to 45% lower bitrates than
RT appraoch at the some distortion. This proves that the skinning-based-modeling of the
non-affine motion is more efficient than a rigid transform-based one.
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Experiments establish that the proposed skinning-based representation is particularly efficient when applied to articulated dynamic meshes such as "Humanoid" (67% lower bitrates
than D3DMC) where the piecewise affine prediction stage is fully exploited. In addition, the
skinning-based compression provides high quality reconstructed sequences from very low
bitrates (starting from 1bpfv).

Summary and Conclusions
In this paper, we have presented a new technique for dynamic 3D mesh compression, based
on a skinning animation model automatically reconstructed from a key-frame representation. The different stages involved, including the motion segmentation and the estimation
of the animation piecewise affine motion model, were presented in detail. We showed that
the skinning-based representation provides a compact parametric representation of the animation sequence which makes it highly adapted for compression purposes.
Experimental results show that the proposed compression scheme outperforms state-ofthe-art dynamic mesh compression techniques such as GV, D3DMC, RT, Dynapack and
MPEG-4/AFX-IC. As expected, the skinning-based encoder proves to be particularly efficient when applied to animation sequences exhibiting articulated motion.
In the near future, our research will concern the optimization of the motion segmentation stage, which can further improve the coding efficiency of the proposed approach.
In particular, we shall investigate how to determine an optimal number of clusters, under
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both anatomical and error-bound constraints. Long-time perspectives will concern the elaboration of multiple and dynamic skinning models, tacking into account the considerations
developed and discussed in this paper.
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Figure 1: The skinning-based encoding scheme.
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Sequence

"Humanoid" "Dance" "Snake" "Chicken"

V

7646

7061

9179

3030

F

154

201

134

400

CC

1

1

1

41

TG (kbytes)

19

12

13

10

Partion (kbytes)

1

1

1

1

Weights (kbytes)

69

58

99

28

Motion parameters (kbytes)

55

77

56

127

Total (kbytes)

144

148

169

165

Side information (%)

61

48

67

23

Table 1: Properties of the animated mesh sequences considered in the evaluation and bitstream composition at the beginning of the progressive decompression.
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Figure 2: Segmentation of dynamic meshes with different motions, shapes and complexities:
(a) "Dance", (b) "Chicken" and (c) "Snake"; and piecewise affine prediction of (c): (d)
original segmented frame 0; (e) frame 36; (f) frame 36 predicted from (d) using solely affine
transforms; (g) distribution of prediction errors of (f); (h) frame 36 predicted from (d) using
the skinning model; (i) distribution of the prediction errors of (h).
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Figure 3: The skining-based encoder outperforms AFX-IC, D3DMC, RT, GV, PCA and
Dynapack for the: (a) "Humanoid", (b) "Chicken", (c) "Dance" and (d) "Snake" animations.
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