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Abstract
Three-dimensional animation sequences are often represented by a discrete set of compatible triangle meshes. In order to create the illusion of a smooth motion, a sequence usually consists of a large
number of frames. We propose a pre-processing algorithm that considerably reduces the number of
frames required to describe the whole animation. Our method is based on Batch Neural Gas [11],
a new clustering and classification approach that can be used to automatically find the most relevant frames from the sequence. The meshes from the original sequence can then be expressed as
linear combinations of these few key-frames with small approximation error. The key-frames can
finally be compressed with any state-of-the-art compression scheme. Overall, this leads to improved
compression rates as the number of key-frames is significantly smaller than the number of original
frames and the storage overhead for the reconstruction weights is marginal.
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Introduction

Consider an artist who models his story in the style of a flip-book with one drawing per page. When
flipping through the pages, the animation sequence is then created by linear interpolation between the
frames and in order to create a smooth animation, the flip-book will contain many pages. However, we
could still understand the story if we leafed through the pages one by one, and would certainly be less
bored if the number of pages was reduced to the most relevant ones: the key-frames.
Let us now add a third dimension to the drawings and consider 3D animation sequences that are
based on triangle meshes. Again, a smooth motion is described by a lot of meshes which in turn
constitute an enormous amount of data. In order to store and transmit this data, it needs to be
compressed and plenty of sophisticated compression approaches exist to do so. However, the compression
rate can be improved by first reducing the sequence to a smaller number of important key-frames.
In this paper we show how to find these few key-frames and how to faithfully reconstruct the whole
animation via linear interpolation.
1.1

Related Work

A very simple approach for compressing dynamic meshes is to use static mesh compression (see [28], [4],
and [27] for surveys) on each frame of an animation sequence. This approach is particularly useful in
case the connectivity of the meshes changes from frame to frame. For a compatible sequence, using a
static coder on each frame results in poor compression rates since their spatial and temporal coherence
is not exploited.
Dynamic mesh compression techniques instead utilize this information. The prediction-based approaches of Ibarria and Rossignac [16] and Yang et al. [34] compute the new vertex positions based on
the change of the neighbouring vertices in the previous frames of the sequence.
Another option are wavelet-based methods. For example, Guskov and Khodakovsky [12] apply
wavelets on top of a progressive mesh hierarchy and the resulting wavelet details are encoded in a
progressive manner, yielding good results if the input sequence is a rigid-body motion. The goal of
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the temporal lifting scheme introduced by Payan and Antonini [26] is to exploit the coherence in the
geometry of successive frames to reduce the information needed to represent the original sequence.
Geometry videos, introduced by Briceño et al. [9] use a remeshing step to discard the original
connectivity information. The main drawback of this approach is its high computational cost.
Another class of compression schemes are clustering approaches. They divide the mesh into subparts
and the motion of these subparts is expressed as a set of rigid-body transformation. This idea was first
introduced by Lengyel [20] and Boulfani et al. [8, 7] later combined clustering with wavelets.
From another point of view, the frames of an animation sequence can be interpreted as the observations of a statistical experiment with the mesh vertices as variables. A well known tool to reduce
the information in such a data set is the principal component analysis (PCA). The first approach that
used PCA for mesh compression was proposed by Alexa and Müller [3]. Here the vertex positions in
each frame are interpreted as the columns of a matrix. The eigenvectors obtained by singular value
decomposition (SVD) of this matrix capture the information inherent to the animation.
The PCA approach is efficient for sequences with small meshes as the matrix size is given by the
number of vertices. The main drawbacks of this approach are the computationally challenging SVD
and the fact that many animated meshes contain highly non-linear behaviour which is hard to capture
globally using this approach. Karni and Gotsman [17] extended the PCA approach by coding the
eigenvectors with linear prediction. Lee et al. [18] further showed how to find the optimal number of
eigenvectors for a given sequence automatically. Amjoun and Straßer [5] cluster the vertex positions
into several local coordinate frames (LCF) and execute a PCA on each LCF with an optimally chosen
number of eigenvectors for each LCF. Instead of clustering the vertex positions, Sattler et al. [29] propose
to cluster the vertex trajectories in combination with a local PCA. But although this approach scales
well with the size of the meshes, it breaks down for extremely long sequences because here the size of
the PCA matrix is given by the number of frames.
Although the basic PCA-based approach [3] and its improved version [17] reconstruct the sequence
in the optimal way in terms of the L2 -norm, they suffer from the aforementioned drawbacks. Nevertheless, we still advocate that the general idea behind these approaches is promising for a pre-processing
step. Consider the flip-book example from the beginning: once we have found the subset of important
frames, the key-frames, we can then use again linear interpolation to reconstruct the complete sequence
from this subset. And since these key-frames are part of the original sequence, we can also use any of
the schemes mentioned above to compress this subset of frames.
A first approach to extract meaningful frames out of captured motion data was presented by Lim
and Thalmann [21]. It is based on curve simplification and the meaningful frames of the sequence are
in fact part of the sequence. This holds as well for the approach by Huang et al. [14], who propose to
solve a constrained matrix factorization problem in a least-squares sense, but since this is an iterative
approach it is not very efficient for long sequences. An optimized version was recently presented by
Lee et al. [19]. They first simplify each mesh of the sequence and then use a genetic algorithm (GA)
to search for representative key-frames. Although their approach is much faster than [14], the number
of iterations needed by the GA to converge is the bottleneck. Huang et al. [15] discuss how to extract
key-frames from 3D video. They reformulate the key-frame selection process as a shortest path problem
in a graph that is constructed from a self-similarity map. Since this approach is developed for complete
3D video sequences, the connectivity of the mesh as well as the vertex positions are allowed to change
in each time step. This setting, however, is not the focus of our approach.
1.2

Contribution

We present a fast and simple framework that attacks the problem of reducing the amount of data in
mesh animations from a slightly different angle. Our framework automatically clusters the meshes into
groups representing similar deformations (Section 2). We show that it is possible to reconstruct the
whole sequence from these key-frames with negligible error (Section 3). Since each centre of a cluster is
a member of the underlying manifold of meshes, the set of key-frames extracted by our framework fits
excellent as input to any state-of-the-art compression algorithm mentioned in Section 1.1.
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Figure 1: Some of the key-frames extracted from the dance sequence by our Batch Neural Gas approach
(top) and some of the PCA eigenvectors (bottom).

2

Framework overview

In this section we explain the different components of our pre-processing framework. Suppose we have a
sequence of meshes m1 , . . . , mn . We assume that all mi have the same connectivity and only the vertex
positions change over time.
In Section 2.1 we explain how to retrieve a set of meaningful key-frames k1 , . . . , kl using Batch
Neural Gas (BNG). We then use them as a basis for reconstructing the original meshes mi as linear
combinations (Section 2.2). The approximation quality is comparable to the one obtained from PCA
(Section 2.3), but it can be improved by using deformation gradients [6, 31] (Section 2.4).
2.1

Batch Neural Gas

We consider a key-frame kj to be meaningful if it lies on the same data manifold as the input meshes
mi or at least close to it, in contrast to the PCA eigenvectors which do not satisfy this property; see
Figure 1. Although this restriction gives us less degrees of freedom as compared to PCA, we still need
only slightly more key-frames to obtain comparable reconstruction results (Section 2.3).
Key-frames are further considered optimal if they allow to reconstruct all meshes of the sequence
with minimal global approximation error, measured in the L2 -norm. Optimal key-frames can thus be
found by minimizing a quadratic cost function, and without any other constraints this yields exactly the
PCA solution. But if we also want the key-frames to be meaningful, we end up with a rather complex
optimization problem.
However, we can solve a simpler problem instead and still get reasonable results. Usually the
data manifold is highly non-linear and the linear combination of meaningful key-frames can lie outside
the manifold. As a consequence, meshes from the original sequence can only be obtained by linear
combinations of close-by key-frames. Therefore, the overall approximation error is also going to be
small if we minimize instead the standard quantization error [13], i.e. the squared Euclidean distance
of all mi to their respective closest key-frame.
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The quantization error constitutes a classical objective of clustering algorithms and one of the most
popular clustering algorithms which is directly based on this cost function is the k-means algorithm [13].
For instance, it is used by Park and Shin [25] for example-based motion cloning. However, it is well
known that k-means clustering is highly sensitive to initialization and usually finds only local optima of
the cost function, i.e. suboptimal key-frames. Therefore, we use an efficient alternative that optimizes
the same cost function as k-means clustering in the limit, but does not suffer from the problems of
k-means. Our method is based on the Neural Gas (NG) algorithm by Martinetz et al. [23]. NG is a
vector quantization technique that aims to represent given data (i.e. meshes) M ⊆ Rd faithfully by
prototypes (i.e. key-frames) kj ∈ Rd , j = 1, . . . , l. For a continuous input distribution given by a
probability density function P (m) over M , the cost function minimized by NG is
l Z

1X
hλ rk(kj , m) km − kj k2 P (m) dm,
E∼
2 j=1
where rk(kj , m) = #{ki : km − ki k < km − kj k} denotes the rank of the key-frame kj arranged
according to the distance from the mesh m, i.e. it indicates whether key-frame kj is representative for
m (corresponding to rank 0) or not (corresponding to a large rank). The parameter λ > 0 controls the
neighbourhood range, i.e. the area of influence of each single point, through the exponential function
hλ (t) = exp(−t/λ). This important parameter is initialized with a high value and then quickly driven
asymptotically to zero, yielding the characteristic dynamics of NG. For λ → 0 the standard quantization
error is recovered in the limit. By integrating the differences of the key-frames according to all meshes
in the beginning and weighted according to the ranks, NG is not sensitive to initialization and able to
overcome local optima, in contrast to the popular k-means algorithm.
Because the final key-frames ki found by NG lie on the data manifold (it has been shown in [22]
that the final NG solution can be extended to a valid Voronoi tessellation of the given manifold under
mild conditions on the density of the mesh sequence), they are similar to meshes of the sequence.
Due to the cost function E, a further benefit of NG can be observed: it has been shown in [23] that
the so-called magnification factor of NG approaches 2/3. Roughly speaking, the magnification factor
characterizes the fraction of meshes from the original sequence represented by one key-frame depending
on the underlying density of the sequence. Because of this factor, NG focusses on regions which are
only sparsely covered, while key-frames in dense regions represent a higher percentage of meshes. Thus,
NG is able to adequately capture regions of the mesh sequence with large deformations.
In the original formulation NG optimizes its cost function in an online mode by using a stochastic
gradient descent method. That means, that meshes are presented several times in random order to
the algorithm and adaptation of the key-frames takes place after every single mesh. For that reason,
a huge number of training steps is necessary for convergence [23]. However, for a given finite sequence
M = {m1 , m2 , . . . , mn } the cost function of NG becomes
E∼

l
n

1 XX
hλ rk(kj , mi ) kmi − kj k2 .
2 j=1 i=1

For this special setting, Cottrell et al. [11] introduced a fast batch optimization technique that adapts
key-frames according to all meshes at once, similar to the original k-means adaptation scheme. The
resulting Batch NG algorithm (BNG) determines first the ranks rji = rk(kj , mi ) for fixed key-frames
kj and then new key-frames via the update formula
kj =

n
X

hλ (rji ) · mi

i=1

l
.X

hλ (rji )

i=1

for fixed ranks rji . BNG shows the same accuracy and behaviour as NG, but its convergence is quadratic
instead of linear as for NG.
This scheme subsequently determines the responsibility of key-frames for meshes of the sequence by
means of the ranks. Afterwards, it calculates new key-frames as the generalized mean of the meshes,
weighted according to the responsibilities.
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Figure 2: Comparing the KG-Error: quantization using 8 bits (left), original model (middle), reconstruction using the key-frames extracted with our approach (right).
2.2

Finding the interpolation weights

Now that we have found a set of meaningful and optimal key-frames, the next goal is to find for each
mesh mi the weights λ = (λ1 , . . . , λl ) so that the reconstructed mesh
m̂i =

l
X

λij kj

(1)

j=1

is as close to the original mi as possible. Denoting by K = (k1 · · · kl ) ∈ Rn×l the matrix with key-frames
kj as columns, we have m̂i = Kλ and the best set of weights is found by
min kmi − m̂i k,
λ

which is equivalent to solving the normal equation
K T Kλ = K T mi .
2.3

Reconstruction quality

Instead of the da -error, which was introduced by Karni and Gotsman [17] and is therefore often referred
to as the KG-error, we measure the quality of our reconstruction using the root mean square error [10],
which was also used in [9] and [12]. As already noted by Guskov and Khodakovsky [12] the KG-error
does not capture the visual quality of the reconstruction well. In Figure 2, the approximations of the
dolphin model (left and right) have the same KG-error with respect to the original (middle), but the
model on the left shows the well-known staircase artifacts [12] caused by quantization of the vertex
positions. We only measure the KG-error in Table 1 to show that although our selected key-frames are
not optimal in the sense of the L2 -norm, they still introduce only a slightly bigger error, compared to
the PCA result.
# KF
Our approach PCA approach
(basis vectors)
KG-error
KG-error
100
0
0.024
50
0.029
0.029
Dolphin
25
0.094
0.075
10
0.975
0.607
200
0.062
0.046
Face
100
0.131
0.081
50
0.254
0.146
Model

Table 1: Using the key-frames extracted by BNG as reconstruction basis, we get an error similar to the
one achieved by PCA [17].
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Figure 3: Error distribution relative to the number of key-frames, for the dolphin (left), chicken (middle),
and cow sequence (right).
Figure 3 shows the reconstruction error for the dolphin, chicken, and cow sequence. Since the motion
in the dolphin sequence is sine-like, it has a repetitive character and only moves in two dimensions, which
fits well into our framework. We thus get almost as good results as [17]; see Table 1.
For the chicken sequence it is obvious that 10 key-frames are insufficient to capture the highly nonlinear motion. But using 30 key-frames allows us to halve the error for the chicken at the end of the
sequence. This is due to the fact that most of the motion is present at the end of the sequence when
the chicken starts to panic and our framework can adapt perfectly to this by selecting more key-frames
to represent the end.
The cow sequence shows a different behaviour. Right from the start of the sequence the cow is
subject to extreme transformations. Using only 10 key-frames, the three times when the cow is dragged
into the air are clearly reflected by the error. The frames in between are already captured well. With
30 key-frames we can also capture these parts well, leading to a reduction of the error by at least two
thirds.
All sequences can be found in the accompanying video. Please note that Figure 3 should only
emphasize that our framework has the potential to extract well suited key-frames from a dynamic mesh.
This is indirectly visible if the number of frames for the chicken and the cow sequence are compared.
For both sequences 30 key-frames are sufficient, which is remarkable since the chicken sequence has
twice as many frames, but most of the motion happens at the end, leading to the conclusion that our
framework extracts suitable key-frames in this case.
A comparison to a state-of-the-art approach for extracting key-frames is given in Table 3.
2.4

Improvements using deformation gradients

It is well known that linear interpolation of vertex positions leads to a visually unpleasant result if the
dynamic mesh incorporates a great deal of rotations. This can be avoided by using more key-frames,
which is obviously not a good choice in the given setting.
In this section we show how to extend our framework by utilizing deformation gradients [31]. Inspired
by the work of Sumner et al. [32] we adapt the idea to interpolate the deformation gradients Tk ∈ R3×3
of the triangles instead of the vertex positions. This requires only minimal changes to our framework.
Since deformation gradients are defined with respect to a reference pose, we compute them using
the first mesh of a sequence m1 as reference. Finally, each deformation gradient is decomposed into a
rotation Rk and a scale/shear part Sk , using polar decomposition [30]:
T k = Rk Sk .
The Sk are symmetric matrices and their representative six values can be combined linearly. However,
for rotations it is better to use the exponential map [24, 2] and interpolate the logarithms of the rotations
instead. The logarithm of Rk is a skew symmetric matrix with diagonal elements equal to zero and can
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v5
v3

v6
v1

v4
v2

Figure 4: Example mesh for which the edge structure is stored in the matrix A in (2).
thus be represented by three values. For each frame we store the nine values of all triangles into the
vector


log(Ri,1 )
 Si,1 


 log(Ri,2 ) 




pi =  Si,2  .
..




.


log(R )
i,f
Si,f
Compared to the vertex-based approach that we described above with mi , kj ∈ R3n , where n is
the number of vertices, we now have pi , qj ∈ R9f , where f is the number of faces. The qj are the
deformation-gradient-based representations of the key-frames kj .
This representation allows us to measure the L2 -norm on the Rk as well as on the Sk and we can use
pi and qj as input of the BNG algorithm. We then obtain the optimal weights again according to (1),
but this time in terms of the deformation gradient representation. This simply amounts to interpolation
of the deformation gradients using the exponential map as shown in [32].
After determining the key-frames, the reconstructed p̂i as well as the kj are still in the deformation
gradient format, which challenges us to find a way to convert them back to a mesh.
For this step, we closely follow the approach of Xu et al. [33]. Since the p̂i store the decomposed
and interpolated deformation gradients with respect to the reference mesh m1 , the obvious idea is to
apply the deformation gradients stored in p̂i to the triangles of the reference mesh m1 . But since the
deformation gradients only affect the triangles locally, this results in a triangle soup.
Fixing the position of one vertex allows us to express the whole mesh in terms of edge vectors. To
get back to the mesh representation we simply solve the linear system
Am̂i = ui ,
with A storing the edge structure of the mesh and ui being the new edge vectors generated from the
interpolated deformation gradients and the reference mesh m1 .
An example for the reconstruction is given in Figure 4. For the illustrated mesh, we have the matrix


−1 0 1 0
0
0
−1 1 0 0
0
0


 0 −1 1 0
0
0


 0 −1 0 1
0
0


0
0 1 −1 0
0


0 0 −1 1
0
A=
(2)
0
,

0
0
1
0
−1
0


0
0 0 0 −1 1 


0
0 1 0
0 −1


1
0 0 0
0 −1
1
0 0 0
0
0
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Figure 5: The influence of deformation gradients (red) compared to vertex-based key-frames (blue).
Using deformation gradients, the sequence can be reconstructed with less key-frames.
the vector



v3 − v1
v2 − v1 


v3 − v2 


v4 − v2 


v3 − v4 



u=
v5 − v4 
v3 − v5 


v6 − v5 


v3 − v6 


v1 − v6 
v1

contains the edge vectors, and
 
v̂1
v̂2 
 
v̂3 

m̂ = 
v̂4 
 
v̂5 
v̂6
represents the new vertex coordinates for the mesh.
The last lines of A and u encode the additional constraint of fixing the vertex v̂1 = v1 . This
coordinate is taken from the original mesh m and must be saved for the reconstruction process.
The effect of using the deformation-gradient-based representation is illustrated in Figure 5 for the
dance sequence. We have chosen this sequence, since it is the longest sequence with the strongest nonlinear behaviour. For a small number of key-frames the positive influence of the deformation gradients is
clearly visible. But for more than 20 key-frames the difference between both variants becomes negligible
and the additional overhead does not pay off.
Model
Chicken
Cow
Dance
Dolphin
Face

Vertices
3030
2904
7061
6179
539

Triangles
5664
5804
14118
12337
1042

Frames
400
204
201
101
10001

Table 2: Details of the sequences that were used throughout the paper.
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Model

Chicken

Dance

# KF
50
40
30
20
10
50
40
30
20
10

Min.
PSNR
42.09
38.44
34.71
33.94
29.88
52.56
50.14
44.61
38.96
30.86

Our approach
Max.
Avg. # Iter. Time
PSNR PSNR
(sec.)
140.55 64.46
49
40
102.36 60.25
46
27
100.68 55.06
38
21
75.29 49.48
26
12
67.96 41.30
27
10
78.54 65.65
46
55
73.76 60.89
42
39
69.17 53.97
40
30
57.01 47.54
42
19
49.04 38.48
19
6

Min.
PSNR
43.60
39.75
32.98
28.48
21.58
49.89
46.27
41.99
36.65
24.50

GA approach [19]
Max.
Avg. # Gen. Time
PSNR PSNR
(sec.)
131.45 64.75 12238 1486
127.04 59.35
9450
1249
126.46 54.62
4578
711
127.72 46.67
8180
1468
135.80 40.06
2302
1123
69.30 62.14
5808
886
65.45 56.99
9135
1390
62.14 50.78
4414
1078
54.71 43.41
4210
1855
48.05 33.23
1702
547

Table 3: The PSNR error captures the logarithmically scaled ratio between signal and noise. Our
approach extracts better key-frames and is 16 to 97 times faster for the dance sequence and 37 to 112
times faster for the chicken sequence.

3

Results

We compare our framework to the recently introduced approach of Lee et al. [19] since we consider it an
extension of [14], which is basically a comparison between the most promising algorithms for extracting
key-frames. We also use the peak signal-to-noise ratio


max(Diag(mi ), Diag(mj ))
PSNR(mi , mj ) = 20 log10
RMSE(mi , mj )
which measures the quality of a signal that is subjected to noise. It is most commonly used as a measure
for the reconstruction quality in 2D image compression.
While the RMSE is the cumulative error between the reconstructed and the original mesh, PSNR is
a measure of the peak error. A lower value for RMSE means smaller overall error, and as seen from the
inverse relation between RMSE and PSNR, this translates to a high value of PSNR. Logically, a higher
value of PSNR is good because it means that the ratio of signal to noise is higher. Here, the “signal” is
the original mesh and the “noise” is the reconstruction error.
For the chicken as well as the dance sequence we outperform [19] in terms of quality and in terms
of computation time. We achieve better PSNR for both sequences because the key-frames extracted
by our framework are not necessarily frames from the sequence but have a similar shape. Since they
are the averages of the clusters they represent, we get better reconstructions of the whole sequence.
The second important difference relates to the GA used in [19], which needs a well-defined stopping
criterion. Moreover, GA converges very slowly because the mutation phase of any GA introduces a
random element. Our BNG approach converges quadratically (see Section 2.1) and therefore yields
better key-frames in a matter of seconds.
Table 2 summarizes the statistics for the sequences used throughout the paper. The timings in
Table 3 were measured on an Intel Core2 Duo E6400 with 2GB of RAM.

4

Conclusion

We introduced a fast and very simple pre-processing framework for animated meshes. It follows the
general idea of PCA to extract the meaningful information from an animation sequence as proposed
in [3] and [17], but instead we use a recently introduced algorithm from machine learning for this task.
PCA for an animated mesh is optimal in the L2 -norm, but this optimality comes at a certain cost.
The PCA eigenvectors cannot be interpreted as part of the sequence of meshes anymore.
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Our framework clusters an animated mesh into frames representing similar motion. This gives us a
certain set of frames similar to the PCA vectors, which we call key-frames. Although these frames are
not part of the original mesh sequence, linear interpolation between them allows us to reconstruct the
whole animation sequence.
This approach introduces a small error compared to PCA, but the main advantage is that our keyframes can be represented as meshes, which allows us to use any appropriate state-of-the-art encoder
for animation sequences on this subset. The overhead introduced by our framework is marginal, because
for l extracted key-frames we only need to store l additional weights per frame in the final compression
step.
Although the framework is already very efficient, there still exists some potential for improvement.
The NG approach has recently been extended to the so-called Patch Clustering for streaming data [1].
This fits perfectly well for streaming compression, since it allows to compute the key-frames on the fly
for a streaming sequence, thereby providing a valid clustering (key-frames) at any given time step.
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