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Abstract

Development of geometry data compression techniques in the past years has been limited by the lack of a metric
with proven correlation with human perception of mesh distortion. Many algorithms have been proposed, but
usually the aim has been to minimise mean squared error, or some of its derivatives.

In the field of dynamic mesh compression, the situation has changed with the recent proposal of the STED metric,
which has been shown to capture the human perception of mesh distortion much better than previous metrics. In
this paper we show how existing algorithms can be steered to provide optimal results with respect to this metric,
and we propose a novel dynamic mesh compression algorithm, based on trajectory space PCA and Laplacian co-
ordinates, specifically designed to minimise the newly proposed STED error. Our experiments show that using the
proposed algorithm, we were able to reduce the required data rate by up to 50% while preserving the introduced
STED error.

Categories and Subject Descriptors (according to ACM CCS): Computer Graphics [1.3.7]: Animation—Image Pro-

cessing And Computer Vision [1.4.2]: Compression(Coding)—Approximate methods

1. Introduction

The goal of lossy compression is to encode input data into
a file as small as possible, from which the data can be re-
constructed with the smallest possible error. The data rate
and resulting error are controlled by algorithm parameters,
such as quantisation roughness. Advanced algorithms usu-
ally have multiple parameters, all of which have to be set
accurately in order to obtain the best possible performance
of the encoder.

An important aspect of lossy compression is the metric
used to evaluate the distortion introduced by the compres-
sion. A straightforward sum of (squared) distances between
original and decoded vertex positions is relevant in technical
applications; however, it is more usual to employ lossless
compression schemes when such precision is required. On
the other hand, compression of audio data reached a break-
through when perception-correlated metrics of distortion
have been employed, and compression of images and video
is currently in the process of adopting similar perception-
related error measures [WLB04, WBSS04].

In geometry data compression, there are many compres-
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sion algorithms, most of which focus on minimising the
Mean Squared Error (MSE). Most researchers agree that this
error measure does not capture human perception of distor-
tion well, and some alternative metrics have been proposed.
However, until recently there have been no rigorous experi-
ments carried out to support any of the metrics.

With the proposal of the Spatio-Temporal Edge Differ-
ence (STED) error metric [VS11], the situation has changed,
at least in the field of compression of dynamic meshes (i.e.
animated models). Now we have a metric which captures the
perceived distortion better than MSE, and we can focus on:

1. finding parameters of existing algorithms so that we ob-
tain optimal performance with respect to STED error,

2. designing new algorithms specifically focused on min-
imising STED error,

3. improving the error measure: identifying its drawbacks
by including the results of STED-optimised compression
algorithms into future perception experiments.

In this paper we demonstrate that current compression al-
gorithms such as Frame-based Animated Mesh Compression
(FAMC) and Coddyac can be reconfigured to optimise the
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STED error, and we propose a general framework based on
the principle of equal slopes, which finds the optimal con-
figurations much faster than exhaustive search. This prin-
ciple is well-known to the compression community and is
frequently used for rate-distortion optimisation with inde-
pendent parameters. We have adapted this method to han-
dle dependent compression parameters by using an iterative
approach. Finding the optimal configurations allows us to
perform a fair comparison of the performance of the state-
of-the-art algorithms.

Subsequently, we propose a new algorithm based on de-
scribing the trajectory of each vertex by a feature vector
(trajectory-space Principal Component Analysis - PCA) and
encoding these vectors using the notion of Laplacian coor-
dinates, i.e. encoding each value in the context of its neigh-
bouring values, which nicely matches the aims of the STED
measure.

The rest of the paper is organised as follows: In section 2,
we briefly describe the previous works in the field of dy-
namic mesh compression with special focus on the state-of-
the-art algorithms FAMC and Coddyac and the principle of
the STED error measure. In section 3, we show how to re-
configure the existing algorithms and evaluate their perfor-
mance with respect to STED. Identifying a weak spot in the
existing approaches, we propose a new method in section 4,
and show its results in section 5. Finally, conclusions and
future research topics are presented in section 6.

2. Related work

Many algorithms have been proposed in the past for com-
pressing static or dynamic triangular meshes. In this paper
we focus on the case of dynamic meshes. A dynamic mesh
is a sequence of static meshes (frames) with common con-
nectivity, while the vertex positions change in each frame.

The task of lossy compression of such data seeks to find
a compact binary representation from which the original can
be roughly reconstructed, i.e. we do not require the decom-
pressed vertices to lie at exactly the same positions as in the
original data. However, we aim to minimise the difference.
This topic has been developing rapidly in recent years. The
first attempt is attributed to Lengyel’s algorithm [Len99],
which divides the mesh into parts of rigid movement.

Subsequently, a multitude of algorithms followed, based
on various techniques, such as predictive encoding [IR03,
SO06], wavelet decomposition [PAOS] or shape-space PCA
[AMOO]. All of these techniques have focused on minimis-
ing the MSE error.

Another approach to the problem has been proposed
by Zhang and Owen [ZO04], and further developed by
Miiller et al. [MSK*06]. The authors proposed represent-
ing each frame of the animation by a set of motion vectors,
which describe the motion of each vertex with respect to the

previous frame. The space of each frame is subdivided using
an octree structure, and motion vectors in each cell of the
octree are approximated by a linear interpolation of motion
vectors associated with corners of the cell. If the approxi-
mation turns out to be too imprecise, then the octree cell is
further subdivided.

Mamou et al. [MZP06] have proposed a different ap-
proach, based on skinning [JTO5]. Their algorithm first de-
composes the mesh into clusters of similar motion, where
each cluster is assigned a transformation for each frame. The
transformation is optimised so that it describes the motion of
the cluster between the first and current frame. Each vertex
has assigned a vector of weights, which is used to combine
the cluster transformation matrices to obtain a prediction of
vertex position in each frame. Finally, prediction residuals
are encoded either directly, or using Discrete Cosine Trans-
form (DCT) or PCA.

Applying PCA orthogonally, i.e. in the space of trajec-
tories rather than shapes, Vasa and Skala have proposed the
Coddyac algorithm [VS07]. The approach finds a new decor-
related basis for the space of vertex trajectories, and subse-
quently the trajectory of each vertex is expressed in the new
basis, allowing a radical dimensionality reduction. The same
authors have also proposed an efficient algorithm for encod-
ing the PCA basis [VS09]. Using the proposed techniques,
they have achieved the best compression ratios so far.

The previously mentioned algorithms have always pre-
sented the results in the form of rate-distortion curves. The
most frequently used metric for error evaluation is the Mean
Squared Error (MSE), computed as average squared size of
vertex dislocation caused by compression. Some papers have
used the metric proposed in [KG04], called KG-error, which
is in fact a normalised version of MSE, while others have
used various versions of the Hausdorff distance, which is re-
lated to the magnitude of the largest distortion in the mesh.
Finally, some of the papers have used the D, — error, pro-
posed in [JKJ*04], which measures the area of virtual rib-
bons created by error vectors in time.

None of these metrics has been tested for correlation with
human perception, and in fact, Vdsa and Skala [VS11] have
shown that none of the metrics actually correlates with re-
sults of subjective testing. In the case of minimising the per-
ceived error, it is therefore incorrect to minimise any of the
previously mentioned metrics. On the other hand, the newly
proposed metric STED [VS11] has been shown to correlate
with subjective results much better (Pearson correlation co-
efficient of 0.91-0.97 in the performed experiments).

2.1. STED error measure

This metric is based on measuring the change of edge
lengths caused by the compression, and takes into account
the temporal properties of the dynamic mesh by including
virtual (temporal) edges connecting a vertex to it’s position
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in the next frame. The parameters of the metric have been
set so that the metric results match the results of subjective
experiments as closely as possible.

The metric first works with each frame separately, com-
puting the spatial part of the error, called STED;pq:. Hav-
ing the original length of each edge e denoted /(e), and the

distorted length I(e), the algorithm computes the relative
change of length for each edge d(e) = (I(e) — I(e))/I(e).
Subsequently, the algorithm investigates the behaviour of
this quantity in the topological neighbourhood of each ver-
tex by computing standard deviation within each neighbour-
hood (assuming that high deviation relates to high perceived
error, whereas low deviation indicates low perceived error).
Finally, the deviations of d(e) are averaged over all vertices
in all the frames of the animation.

Subsequently, the algorithm computes the temporal part
of the metric ST EDsemp using a similar approach, only this
time taking into account the virtual edges connecting posi-
tions of each vertex in subsequent frames. A relative change
of the length of these edges is computed and averaged over
all the temporal edges of all pairs of subsequent frames.

The overall error is evaluated as a hypotenuse of
STEDspar and ST EDyemp, using a weighting constant to re-
late the spatial and the temporal error. The algorithm has
several parameters, such as the width of the used topological
neighbourhood, or the aforementioned weighting constant.
These parameters have been set empirically so that the re-
sults of the metric fit the results of a large subjective testing
experiment conducted by the authors of the STED metric.
For details see [VS11].

2.2. FAMC algorithm

Based on their skinning approach [MZP06], Mamou et al.
presented a compression method called Frame-based Ani-
mated Mesh Coding [MZP*08], which was later standard-
ised by the Motion Picture Experts Group as a part of the
MPEG-4 standard [Int09]. The main idea of this approach is
to divide the animated mesh into clusters of vertices, whose
motion from the first frame to each of the succeeding frames
can be described accurately using a single affine transform,
and to only store this transform for each cluster and frame.
In the beginning, the first frame of the animation is com-
pressed using a static mesh compression scheme, such as
3DMC [IntO1], or Touma and Gotsman [TG98]. Having F'
the number of frames of the dynamic mesh, a succession of
global translation vectors T, f=1...F is calculated by av-
eraging the change in vertex position between the first and
f-th frame over all vertices of the mesh. These vectors are
then subtracted from the vertex positions.

The clustering process, which is performed next, is re-
ferred to as Motion-based Segmentation and comprises a se-
ries of half-edge collapse steps hic(i, j) : vi := v; Uv; U{v;},
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initially v = {}, i = 1...V, where V is the number of ver-
tices. In every step, each edge (v;,v;) is assigned a cost Q;;:

F - 2
a-£ (5 Pa-l) 0
f=1 UEI?I/
ﬁl‘j:{vi,Vj}Uv;(UVj, )
MY = argmin | Y ||Mu;—u : 3)
7 g, | 7l

The edge with the lowest cost is then collapsed to one
of its endpoints and the process is repeated until the lowest
cost exceeds a given threshold. In the end, each vertex vy
of the K remaining vertices defines a cluster m; = {v;} UV}
and the transformation matrix for cluster 7, and frame f is
calculated as:

M?k = argnjl\}n( Z HMu] ”f”2> “)
UET

By only storing one transformation matrix (12 coeffi-
cients) per cluster and frame, a significant reduction of data
rate can be achieved. However, this process introduces a
fairly large amount of error into the geometry of the mesh,
especially at the cluster borders. To reduce this error, a tech-
nique named Skinning-based Motion Compensation is im-
plemented. The predicted position \9} of i-th vertex in f-th
frame is obtained using not only its own cluster’s transform,
but also using the transforms of neighbouring clusters. A
vector of weights ®; is assigned to each vertex, determin-
ing the combination ratio of transforms to be used to obtain
the prediction of the position \3;. Finally, a prediction residue
is calculated and stored for each vertex and frame:

g = v -7} 5)

The most efficient version of the FAMC algorithm uses a
Discrete Cosine Transform (DCT) for encoding of the trans-
formation matrices as well as the global translations and pre-
diction residues. All the DCT coefficients and the animation
weights are uniformly quantised and entropy encoded using
the CABAC [MWS03] encoder.

A separate input parameter is used to specify the coarse-
ness of the quantisation process for each the transformed
prediction residues, the global translations, the transform
matrices and the animation weights. Yet another parameter
controls the encoding of the first frame, which gives a to-
tal of five input parameters that have to be precisely set in
order to obtain an optimal configuration. For more details
on the FAMC compression algorithm, see [MZP06, Int09,
MZP*08].

2.3. Coddyac algorithm

A different approach to compression is the Coddyac [VS07]
algorithm. It is based on interpreting the input dynamic mesh
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as a set of trajectories of individual vertices. The trajectory
of the i-th vertex is described by a vector 7; of length 3F,
consisting of XYZ coordinates of the given vertex in all the
frames. For dense meshes, the trajectory vectors of neigh-
bouring vertices are likely to be similar to one another. In
other words, the trajectory vectors are not distributed evenly
in the space of dimension 3F. Instead, they are roughly lo-
cated in a subspace of much lower dimension.

This observation yields the first step of the Coddyac algo-
rithm: finding this subspace and expressing the vertices in it.
The Coddyac algorithm uses the PCA tool of linear algebra
to find an optimised basis of the space, and each trajectory
vector T; is expressed in this basis by a feature vector C;. The
feature vectors are truncated to length B, where B is a user
selected number of preserved basis vectors.

To store the dynamic mesh, it is necessary to store the
selected subset of the basis (a matrix of size 3F X B), the
feature vectors (matrix C of size V x B) and the vector D
representing the average trajectory. Details on how to effi-
ciently encode the basis matrix can be found in [VS09].

The other key observation of the Coddyac algorithm is
that the PCA step can be interpreted as a simple change of
basis, and therefore it should not have any influence on the
results of linear operators. This feature is employed for pre-
diction of the values Cij at the decoder. In static mesh en-
coding, a very common prediction method is based on the
parallelogram rule [TG98, CS05]. The idea is that the mesh
is traversed progressively by growing an area of processed
vertices by adding one adjacent triangle (with one adjacent
vertex) at a time [Ros99]. The newly added triangle together
with its neighbouring known triangle form a quad ¢, illus-
trated in figure 1.

[CA?

ava pred(q.v,)

qvs qwva

Figure 1: Indices used to denote vertices of an expansion
quad. Vertex vy is not known to the decoder.

The XYZ coordinates of the new vertex g.v4 are predicted
to lie at the top of a projected parallelogram formed by the
three known vertices g.vy, g.v» and ¢.v3. The coordinate pre-
diction is then expressed as:

. .
pred(Vg.v,) = Viy, + Vi, — Vi,
v _
pred(vgy,) = v, +vh, =V,
: [ e
pred(vyy,) = Vi, +V5., — V., (6)

where vff v, denotes the X coordinate of the vertex g.v
as known to the decoder (which may be different from the
original coordinate due to quantisation).

Since the feature vectors are in fact linearly transformed
trajectory vectors, it is possible to use the same formula also
for the elements of feature vectors:

pred(C).,)=Cly +Cjyy, —Choyj=1.B 7

The Coddyac algorithm traverses the mesh, adding one
triangle at a time, performs the prediction according to equa-
tion (7) and transmits the quantised prediction residuals. Al-
though any integer coding scheme can be used, it is reason-
able to expect the Laplace distribution with zero mean of
the prediction residuals, and therefore it is efficient to use an
arithmetic entropy coder together with exp-Golomb binari-
sation.

3. Reconfiguring existing algorithms

Having a new error measure, a natural question to be asked
is "which of the algorithms performs best with respect to the
new metric". The authors of the STED metric have already
shown that the new metric is fundamentally different from
MSE and its derivatives, and therefore using it has an im-
portant impact on algorithm configuration — a configuration
which is optimal with respect to MSE might be suboptimal
with respect to STED.

This is also the reason why it is difficult to compare ex-
isting algorithms in the new metric: we cannot use the re-
sults reported in the respective papers, and even if we had
the resulting meshes, we would not be able to provide a fair
comparison, because the results were obtained with config-
urations optimised for MSE. Instead, we need an implemen-
tation of each algorithm, and we need to optimise their con-
figurations for the STED error measure.

Unlike the usual optimisation problem, which focuses on
finding extreme values of a single quantity defined on the
input data, here we need to perform optimisation with re-
spect to two quantities — bitrate r and distortion d. The task
is trivial for compression algorithms with only one input pa-
rameter, or with input parameters that can be independently
optimised (i.e. they have independent influence on the com-
pression result). Unfortunately, this is not the case for most
of the dynamic mesh compression algorithms.

An approach still commonly used among authors of dy-
namic mesh compression algorithms is an exhaustive search.
In this case, a set of values is defined for each of the input
parameters and the compression is then carried out with all
possible combinations of these values. Finally, the combi-
nations producing the best results are selected. While this
method works for every compression algorithm and every
distortion measure, it is very computationally expensive, es-
pecially with the growing number of optimised parameters.
For this reason, we are proposing a new approach to the
rate-distortion (RD) optimisation in dynamic mesh compres-
sion. The key task of this approach is to keep the number of
compressor invocations as low as possible while making the
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method as universal as possible in both the compression al-
gorithm and the distortion measure used.

150
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Bitrate [bits per frame and vertex]

Figure 2: RD points for various configurations used in an
exhaustive search located above the envelope RD curve ob-
tained through the proposed optimisation scheme using the
Cow mesh sequence compressed by the Coddyac algorithm.

We have based our optimisation method on the Princi-
ple of Equal Slopes. This principle exploits the shape of
RD curves in order to find the optimal parameter values.
For a dynamic mesh compression algorithm I" with ¢ in-
put parameters and an input dynamic mesh y, we can de-
fine an RD chart H = {T'(P,u);VP}, which is the set of rate-
distortion values for all possible parameter configurations
P=p|...pq] (assuming that p; are real or integer numbers).
This chart is confined at the bottom by an envelope RD curve
O, which contains the optimal compression results (see fig-
ure 2). For a specified configuration P/ = [p]...pj], an i-th
parameter RD curve Hl’ contains results for all values of pa-
rameter p; with the rest of the parameters fixed in P/

H} ={U(P/,w);P/ = [p{...p}_\,pi,plyy - PaliVpi} (®)

Parameter RD curves are a subset of H, hence they are
also lower-bound by curve O, and if they touch O, the point
of touch is a result of an optimal configuration. Since they
cannot intersect O, the parameter curves running through
each such optimal point have the slopes of their tangents
equal to the tangent slope of O in this point. Slope equality
is a necessary condition for configuration optimality; how-
ever, in our experiments, where the parameter RD curves as
well as the envelope RD curve have a convex and decreasing
shape, it also works as a sufficient condition. Thus, when-
ever all the parameter curves running through a particular
point have their slopes equal to each other in that point, the
parameter configuration in this point is optimal. For illustra-
tion see figure 3.

Using the approach described above, we can perform an
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iterative parameter optimisation. Each iteration is initialised
with an input parameter configuration. For the first iteration,
this configuration is specified as a parameter of the optimi-
sation process. An RD point is sampled in this configuration
by invoking the compressor and two more points are sam-
pled on each of the parameter RD curves, one to the "left"
and one to the "right" of the current value of the parameter.
From this set of points, the local behaviour of slope s; of
i-th parameter RD curve depending on parameter p; can be
approximated as:
silpi) = si(p")+ 2si(p;l$ht) —si(p”")
right left
pPi —Pp;
Jgevrrent _ d(plfff)

i

!
(pi— P-eﬂ),

l

(plefty = 2“2
si(p; ") peurrent _ r(pl.eft) '
1
righty d( pl(ight) _ jeurrent
$ilPiT) = R carrent” v
V([)i ) _ pecurrent

and the local behaviour of rate and distortion can be ap-
proximated by relative increments:

q
current current
r=r +Y Ari(pi = pi"" "),

i=1

d = evrrent + zq:Adi(di 7dl_current)7
i=1
L BV
i = ght 1 ’
;’lg r pieft
d(p(ight) _d(Pfeﬂ)

l
right left
I

Ad; = (10)

The optimal configuration is then estimated by solving a
system of equations, which consists of g — 1 equations from
the slope equality condition:

si(pi) = six1(pix1), i=1...q—1 (11)

and one equation defined by one of four additional con-
straints:

slope: si(p1) =548

4 . .
rate: Y Ari(Pi _ pﬁurrent) — arget __ current
=1

12
q

distortion: Z Ad[(pl _ plgurrent) — dtarget _ dcurrent
i=1

target

i-th parameter: Pi = P;

(12)
Each constraint exactly determines the resulting config-
uration by specifying one of four properties of the result —

either a target slope of the curves, a target bitrate or distor-
tion, or a fixed value of one of the parameters.

By solving the system of equations defined above, a new
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Figure 3: Optimal RD-curve and three parameter RD-
curves.

(possibly optimal) configuration is obtained. Since we only
use approximations of the parameter curves to define the
equations, the result is likely to be suboptimal to some de-
gree. Therefore, the process is iteratively repeated until con-
vergence. An overall deviation from optimum is calculated
in each iteration based on the slope differences and the addi-
tional constraint. Once this deviation falls under a specified
threshold, the iteration process is stopped.

configuration error
QR QB BV bpfv STED KG
0.265 18.01 74 0.50 | 1.09E-01 0.553

1.616 19.36 124 1.00 | 5.83E-02 0.269
2.465 20.28 166 1.49 | 3.84E-02 0.170
3.063 20.94 205 1.99 | 2.85E-02 0.121
3.553 21.48 238 2.48 | 2.22E-02 0.093
3.957 21.87 272 3.00 | 1.81E-02 0.074
4.289 22.17 301 3.49 | 1.53E-02 0.062
4.587 22.43 330 3.99 | 1.32E-02 0.053

Table 1: Result of optimisation of KG error. The parameters:
OR: quantisation of feature vector residuals, QB: quantisa-
tion of PCA basis, BV: number of used basis vectors.

configuration error
QR QB BV bpfv STED KG
2.424 16.89 36 0.50 | 4.71E-02 0.991
3.292 18.32 70 0.99 | 3.02E-02 0.474

3.863 19.11 102 1.49 | 2.20E-02 0.283
4.424 19.83 126 1.99 | 1.71E-02 0.204
4.736 20.33 154 2.46 | 1.41E-02 0.149
5.136 20.81 178 3.00 | 1.18E-02 0.117
5.429 21.19 200 3.48 | 1.02E-02 0.096
5.688 21.55 223 3.98 | 8.96E-03 0.080

Table 2: Result of optimisation of STED error. The parame-
ters: QR: quantisation of feature vector residuals, QB: quan-
tisation of PCA basis, BV: number of used basis vectors.

Using this process we are able to obtain rate-distortion
curves for various error metrics using a single optimisation
method. Tables 1 and 2 show the RD performance of the
Coddyac algorithm with the jump sequence, together with
the configurations used, for both STED error and KG error
optimisation, on the same range of data rates. Notice that
the configurations for matching bitrates differ between the
target error metrics, and also the performance in both metrics
changes considerably depending on the used target metric.

As mentioned before, one of the aims of the proposed op-
timisation method is to reduce the number of compressor in-
vocations. Experiments show that with our method, the num-
ber of invocations depends linearly on the number of param-
eters, while the previously used exhaustive search required
an exponential number of compressor invocations. For ex-
ample, to produce the eight optimal configurations shown in
table 1, the optimiser needed to run the compression module
724 times in order to obtain the configurations at specified
bitrates. An exhaustive search with a precision of 2 vectors
in the number of basis vectors and 0.1 bits in both the quan-
tisation parameters would require about 267,000 compressor
runs and could not be controlled to give results at particular
bitrates.

4. Laplacian coordinates encoding

The results presented so far show that optimising STED er-
ror instead of MSE for the Coddyac algorithm leads to con-
figurations with finer quantisation of feature vector residuals
and lower numbers of basis vectors. In order to improve the
performance, we should therefore focus on the encoding of
feature vectors. We need to either lower the required data
rate, or encode this data so that the character of the intro-
duced error is more acceptable for the STED metric.

The character of STED error indicates that relative posi-
tion of a vertex with respect to its neighbours is more impor-
tant than its absolute position in space. It is therefore natural
that if we encode relative positions rather than absolute ones,
we will obtain a better reconstruction. For more support on
why we expect relative position encoding to perform better,
refer to Appendix A.

One way to express relative positions of vertices is to
transform each vertex v into a coordinate system with ori-
gin located in the average position of the neighbourhood of
the vertex:

BTl Y v (13)

The result of such transformation is known as differential
coordinates. Transformation of all vertices at once can be
described by a sparse matrix L, known as the Tutte Lapla-
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cian:
1 i=j
Lii={ —r—Lk jen(i) (14)
L] In(@)1]
0 otherwise

which is closely related to the Kirchhoff Laplacian, de-
fined as:

In(@)l i=j
Kij= —1 jen(i) (15)
0 otherwise

For more details on discrete Laplacians, see Zhang
[ZhaO4]. We argue that although Kirchhoff Laplacian has
been used previously for mesh compression [SCOTO03,
CCOSTO5], it is in fact better to use the Tutte Laplacian for
this purpose. If a mesh is very uniform, i.e. all vertices have
the same valence, then L and K are equivalent up to a scalar
multiplier. Since the resulting transformed coordinates will
be uniformly quantised, it can be interpreted as changing
the quantisation constant, which has no effect on the global
rate-distortion curve. However, if the mesh vertices degree
deviates from its mean significantly, then transforming by
Kirchhoff Laplacian is equivalent to changing quantisation
for each vertex depending on its valence. This may later im-
pair the performance of entropy coding of the transformed
data, because the entropy of the data will be influenced by
both geometric entropy and the entropy of vertex valences.

Neither L nor K is invertible, and therefore it is not pos-
sible to reconstruct the original vertex positions v; from the
transformed vertex positions v;, simply because shifting the
whole model produces the same differential coordinates. It
is therefore necessary to use additional anchors, i.e. vertices
whose position will be stored directly. At least one such an-
chor is required for each connected component of the model.
Having N anchors with indices aj,ay,...,ay, the extended
(rectangular) Tutte Laplacian takes the following form:

~ (L
L= (A) (16)

where Ais a N X V submatrix where A; ; = 1 when aq; = j,
A j = 0 otherwise.

Notice that L only depends on mesh connectivity (it is a
so-called combinatorial Laplacian), and it is applied con-
secutively on each coordinate, i.e. we first create a vector
X = [xV1,xV2,...,xvy] of X coordinates of all vertices, trans-
form it into ¥ = Lx, and then similarly treat the y and z vec-
tors. The transformed vectors x, y and 7 of length V + N are
then quantised and encoded. The decoder first decodes the
connectivity of the mesh, constructs the rectangular Tutte
Laplacian L, and then solves the overdetermined systems of
equations Lx = %, Ly = y and Lz = 2. In order to solve the
three systems, it is possible to precompute the normal ma-
trix of the system | = L'L, compute its LU decomposition
and then use it to solve the three systems.

© 2011 The Author(s)
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For more details on how to use the Kirchhoff Laplacian-
based approach for static meshes, see Sorkine et al.
[SCOTO03]. Our proposal is to apply the Tutte Laplacian L on
dynamic meshes. For this purpose, the PCA representation
provides an elegant way to employ the Laplacian encoding
technique, only instead of using XYZ coordiantes, we apply
it on PCA coefficients associated with each vertex.

We can form the Tutte Laplacian L of the shared con-
nectivity using equation (14), and having selected N anchor
points, we can construct the rectangular transformation ma-
trix L using equation (16). Having a matrix C of trajectory
feature vectors of size B X V, we can perform the forward
transformation as matrix multiplication C = (L.CT)”.

By forward transformation, we obtain a matrix C of size
B x (V+N), where the first V columns represent the feature
vectors in differential coordinates for each vertex, while the
last N columns are the feature vectors of the anchor vertices.

All elements of C can be interpreted as coordinates of the
same scale (in contrast to previously used Kirchhoff Lapla-
cian), and therefore can be quantised using a single quanti-
sation constant. For quantisation, we use a quantisation step
related to average edge length, which seems to be a more
intuitive setting (in relation to perceived distortion) than us-
ing mesh diagonal length. Having the average length / of all
the edges in all the frames, we quantise each floating point
value e into an integer value i = round ((e.Zk ) /g, where k
is a user-specified quantisation roughness, which can be in-
terpreted as "number of bits per average edge length". Note
that this way we can better estimate the visual effect of quan-
tisation based on the used parameter; however, the value of
the parameter can be negative, which may seem counterin-
tuitive.

1 2 V. V+1 .. V+N
1] model 1
2| model 2
model B+1
B| model B

Figure 4: Different statistic models used for encoding of el-
ements of the C matrix.

After the quantisation, the elements of C are entropy
coded. The distribution of the values varies significantly de-
pending on the position in the matrix, and it is therefore use-
ful to use multiple statistical models. We choose to use a
separate statistical model for each row of the matrix, and
an additional one for the anchor points (see figure 4). For
encoding, we use context-adaptive arithmetic coding in an
implementation similar to [MWSO03].

5. Experimental results

We have tested both rate-distortion performance and timings
for the proposed Laplacian coordinates-based encoder, and
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we are comparing the results with current state-of-the-art al-
gorithms FAMC and Coddyac. Note that we are using re-
implementations of the existing algorithms, which allow us
to perform optimisation of parameters for the STED met-
ric. Therefore, the results should provide a fair comparison
of performance. All the data rates are in bits per frame and
vertex (bpfv).
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Figure 5: Rate-distortion curve for the dance sequence.
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Figure 6: Rate-distortion curve for the jump sequence.
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Figure 7: Rate-distortion curve for the cow sequence.

5.1. Rate-distortion performance

We have implemented the technique described in section 4
and we have compared the results with the state-of-the-art
algorithms. Figures 5, 6, 7 and 8 show the rate-distortion
curves obtained for some popular datasets used for testing
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Figure 8: Rate-distortion curve for the chicken sequence.

the performance of dynamic mesh encoding. The figures
demonstrate that using the Laplacian-based encoding, we
were able to reduce the required data rate by up to 50% with
respect to the next best encoder, which is the Coddyac ap-
proach configured for STED error.

We are only comparing our results against the FAMC and
Coddyac algorithms, because these algorithms have been
previously shown to provide the best RD performance. In
some figures, the results of the FAMC are missing; this is
because the results were too poor to fit in the RD chart.

We are also providing visual results in figure 9. The figure
shows the result of a rather rough compression to 0.5 and
0.3 bpfv; however, it makes the difference between optimis-
ing KG and STED error easy to observe. Note that the differ-
ence between STED-optimised Coddyac, STED-optimised
FAMC and the proposed algorithm is more visible during
playback of the animation. Similar results were obtained for
other models.

Coddyac Proposed algorithm

encode| decode| encode| decode

vertices| frames [ms] [ms] [ms] [ms]

Cow 2700 204 4326 1602 4492 2511
Chicken 3030, 400 7208 1610 7394 2558
Dance 7061 201 3746 1398 3962 2605
Jump 15830 222 8158 3104 10888 5382
ClothBall 46598 94 10744 7234 12776 10358

Table 3: Timings for the compression and decompression
steps of the algorithm.

5.2. Timings

Our implementation of the encoder uses an oft-the-shelf lin-
ear algebra toolkit from Bluebit software, which is used for
solving the sparse system of linear equations and also the
eigenvalue decomposition necessary for PCA of trajectories.
Using this library, we are able to achieve faster computation
times than previously reported for the Coddyac algorithm
and its derivatives. Table 3 shows timings for the Coddyac

© 2011 The Author(s)
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algorithm, and for the proposed modification using Lapla-
cian coordinates. Note that the actual time needed for en-
coding a particular dataset strongly depends on the chosen
accuracy, which in turn influences the number of used basis
vectors. The table shows computation times for an STED er-
ror of 0.02, at which the compressed mesh is usually almost
indistinguishable from the original. For the testing, we have
used a PC with Intel Core i7 CPU @ 2.67GHz.

The table shows that using Laplacian coordinates causes
variable slowdown of 3-33% on compression and 43-86% on
decompression, depending on the complexity of the datasets.
We are using random placement of anchor points, which
greatly speeds up the compression at a small cost in rate-
distortion performance. In cases when top RD performance
is required, it is possible to place anchors more rigorously
by adding one at a time to a position of largest error. Such
an approach, however, requires solving the sparse set multi-
ple times, which slows down compression considerably. De-
compression times are not affected by the selected anchor
point placement scheme.

6. Conclusion

We have presented two ways to reduce the perceived error
introduced by compression of dynamic meshes. Our contri-
butions are:

e showing a general approach which configures existing al-
gorithms to reduce the STED error (and possibly many
other "well behaved" error measures),

e proposing a novel approach based on PCA in the space
of trajectories and Laplacian coordinates, efficient in both
RD performance and computational complexity,

e providing fair comparison under the new STED error
measure.

We have demonstrated that reconfiguration of existing al-
gorithms has a significant impact on performance, and it is
therefore necessary in order to obtain a fair comparison of al-
gorithms. By reconfiguring the Coddyac algorithm, we were
able to gain a 20-30% performance improvement in our ex-
periments.

Furthermore, we have shown that when we focus on a par-
ticular step of a compression algorithm (and parameter opti-
misation gives useful clues about which part to optimise), it
is possible to further improve the performance. In our case,
we have gained another 20-30% by replacing parallelogram
encoding of feature vectors by using Laplacian coordinates.

Our paper also provides evidence that the recently pro-
posed STED error metric does indeed capture perceived er-
ror better than previous metrics. So far we have not found
that optimising this metric brings any new visible artifacts
which are not addressed by this error measure.

In the future it might be interesting to consider using

a derivative of the STED error measure for static meshes

© 2011 The Author(s)
(© 2011 The Eurographics Association and Blackwell Publishing Ltd.

and test the performance of existing compression algorithms
with respect to it. The results of the proposed compression
algorithm should also be included in future experiments re-
garding perceived distortion of dynamic meshes.
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Appendix A: Motivation for using differential coordinates

The aim of this section is to provide further theoretical sup-
port as to why differential coordinates perform better with
respect to the STED measure.

Consider the one ring neighbourhood of a single vertex
with original coordinates p°. There are N neighbours of the
vertex with coordinates nf,i = 1..N, where N is usually 6 for
regular meshes. We will first consider the usual absolute en-
coding of the positions, involving quantisation. The decoded
position of the vertex is p* = p” + A, where A is the error due

to quantisation. A is a zero mean uniformly distributed vari-
able spanning the quantisation range. Similarly, the decoded
neighbouring vertex positions can be written as n; = nj +A;,
where each A; has the same properties as A.

Relative edge length differences of incident edges are then
expressed as:

| 0 __ 0
e — Imi= HI;, Ll
[Inf =PI
o A_ U_A _ o __ 0
S L et Tl il e L A8 A
[Inf = pll

Without loss of generality, we can split the errors A; into
acommon partk=1/N Zé\’:] A; and neighbour specific parts
A; = A; — k. Note that Zﬁvzl A; = 0. Denoting ¢; = n¢ — p°
the original lengths of incident edges, we can rewrite 17 as:

lei +k+A; — Al — |le;]|

rlff = |
l [leill

(18)

Now we will consider the case when the differential coor-
dinates are quantised instead of the absolute coordinates. For
reasons of simplicity, we will again assume that the neigh-
bouring vertices have been moved from their original posi-
tions n¢ to quantised positions n; = n¢ + A; = nf +k+ A;.
The exact differential coordinates of the central vertex are
d° = p° —1/NYN o n?. Quantised differential coordinates
are d = d’° + A, and the reconstructed position of the vertex
can be written as:

S R N IR kAt LS oA
p 7Ni:21n,+ 7Ni;(n, +hk+A)+p Ni;)n, +
19)

Since Y | A; = 0, we can write p” = k+ p° + A. Finally,
we can again express the relative edge length differences for
the case of differential coordinates coding:

[nf +k+ A& —k—p° — Al — [|nf — p°||
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— 20
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-
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The contribution of the neighbourhood to the STED er-
ror is the deviation of relative edge lengths within the given
neighbourhood. Original edge lengths e; are constant, and
Ai, A and k are all zero mean random variables. Therefore,
the deviation of relative edge lengths converges to zero as
the deviations of A;, A and k converge to zero. However, us-
ing differential coordinates we have eliminated k; thus we
may expect that the contribution to STED error will be lower,
even when the same quantisation intervals are used.

The above derivation is valid for three component XYZ
vectors. However, it can be applied to feature vectors as
well, since the feature vectors are in fact XYZ coordinates
expressed in a different basis.
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B C

Figure 9: Examples of a single frame from the jump and walk sequences, showing the original (A), compressed by the proposed
Laplacian based algorithm (B), compressed by Coddyac optimised for KG error (C), compressed by Coddyac optimised for
STED error (D), compressed by FAMC optimised for KG error (E) and compressed by FAMC optimised for STED error (F).
Algorithms were configured to provide an optimal result for the data rate of 0.5 bpfv (jump) and 0.3 bpfv (walk). Optimisation
for KG-error introduces obvious artifacts, not present in the other results. STED-optimised Coddyac partially avoids these
artifacts at the cost of strongly smoothing the model. With the proposed approach, the smoothing effect is visibly smaller (see
the hands of the jump model). STED-optimised FAMC produces some other types of artifacts, such as visible transitions between
the clusters caused by rough quantisation of transformation matrices.
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