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ABSTRACT

An algorithm to compress 3D mesh sequences for dynamic
objects is proposed in this work. Given an irregular mesh se-
quence, we construct a semi-regular mesh structure for the
first frame and then map it to the subsequent frames based
on the hierarchical motion estimation. The regular struc-
ture of the resulting mesh sequence enables us to employ
the zero-tree coding scheme to compress the motion com-
pensation residuals efficiently. Simulation results demon-
strate that the proposed algorithm provides significantly
better compression performance than the static coder that
encodes each frame independently.

1. INTRODUCTION

Recently, it has drawn considerable attention to represent
and compress static meshes for 3D objects efficiently. Among
various 3D compression methods, the semi-regular mesh
coding yields the state-of-the-art performance [1]. For 3D
mesh sequences, several researchers have attempted to com-
press synthesized sequences [2]. However, relatively little
effort has been made to compress real dynamic mesh se-
quences. In this work, we propose an algorithm to com-
press the mesh sequences for dynamic objects, which are
captured with laser scanners.

Our work is related to the research on the mesh-based
2D video coding. To overcome the limitations of block-
based motion models, mesh models have been proposed to
represent content-adaptive and hierarchical motions [3, 4].
In these approaches, an initial mesh is constructed on the
first frame, and the motion vector (MV) of each node point
is estimated by using the optical flow method or the block
matching algorithm. Then, the pixels within each mesh
patch are motion-compensated by the spatial transforma-
tion, such as affine and bilinear transformations. MV’s can
be estimated by minimizing the energy function [3] or can
be computed hierarchically in a coarse-to-fine order with
connectivity constraints [4]. The proposed algorithm can
be seen as the generalization of these approaches. How-
ever, while these approaches use 2D meshes to improve the
motion compensated prediction in video coding, we are con-
cerned with the representation and compression of the 3D
shapes of dynamic objects.

Fig. 1 shows the block diagram of the proposed algo-
rithm. We acquire an input mesh sequence with a laser
scanner, which is initially given by a set of irregular mesh

Fig. 1. Block diagram of the proposed algorithm.

frames. During the motion estimation, we convert the ir-
regular mesh sequence into a semi-regular normal mesh se-
quence to achieve high coding efficiency. More specifically,
the proposed algorithm constructs a semi-regular structure
for the first frame, and then maps it to the subsequent
frames based on the hierarchical motion estimation of base
vertices and finer subdivision points. The hierarchical mo-
tion estimation guarantees that the prediction errors consti-
tute the so-called zero-tree [1]. Therefore, these errors can
be effectively compressed by the bit-plane coding scheme in
a progressive way.

The paper is organized as follows. Section 2 describes
the semi-regular mesh construction and the hierarchical mo-
tion estimation. Section 3 explains the compression method,
and Section 4 presents simulation results. Finally, Section
5 concludes the paper.

2. HIERARCHICAL MOTION ESTIMATION

Given an irregular mesh sequence {In : n = 0, 1, 2, . . .},
we construct a semi-regular normal mesh to describe the
geometry of the first frame. Then, the motion estimation
is conducted to track the movements of the node points
of the first frame to the following frames. In this way, we
can obtain the semi-regular mesh sequence, in which every
frame has the same topology structure.

2.1. Initial Semi-Regular Mesh Construction

At this step, we convert the first frame I0 into a semi-
regular normal mesh R0 [5]. The normal remeshing step is
composed of the mesh simplification and the subdivision.
In the mesh simplification, we obtain a base mesh of I0,
R0

0, and the parameterization data of I0 onto R0

0. Then,
the base mesh is refined to R1

0 by subdividing each triangle
into four triangles. The subdivision points are computed
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(a) Irregular mesh (b) Semi-regular Mesh

Fig. 2. Comparison of irregular mesh and semi-regular
mesh. For the sake of illustration, the normals of triangles
in the semi-regular mesh are flipped alternatively.

by the butterfly prediction and normal shooting scheme,
which uses the parameterization data. This subdivision is
iteratively applied L times to obtain the hierarchy

R0

0 ⊂ R
1

0 ⊂ · · · ⊂ R
L

0 = R0. (1)

The geometry information in the hierarchy is represented by
the base mesh points and the wavelet coefficients. There-
fore, the geometry of the semi-regular meshR0 can be effec-
tively compressed by adopting wavelet coding schemes [1].
In Fig. 2, we can compare the regularity of the semi-regular
mesh with that of the original irregular mesh.

2.2. Base Motion Estimation

Given the previous semi-regular mesh Rn−1, we construct
the base mesh R0

n of the current frame by estimating the
motions from R0

n−1 to the geometry domain of In. We
attempt to solve this correspondence problem in a similar
way to the region-based motion estimation [6], which was
introduced to explain the motions of different objects in 2D
video sequences. The image segmentation and the motion
estimation of each segment are jointly performed, such that
the motion of each segment is represented accurately with
a parametric model.

We extend this idea to 3D motion estimation. Begin-
ning with the whole base mesh R0

n−1 as an initial segment,
we compute its motion parameter. The motion parameter
of a segment is composed of the rotation matrix and the
translation vector, which is computed by a modified ver-
sion of the ICP algorithm [7]. The outliers, which cannot
be represented well with the motion parameter, constitute
new segments. Since this procedure can break the con-
nectivity, we postprocess the outliers through a merging-
splitting-merging procedure to obtain connected segments.
For each segment, we repeat the motion estimation and the
splitting until the stopping criteria are satisfied. In the mo-
tion estimation of each segment, we constrain the motion
search region, since flexible object motions make it difficult
to match correspondences by finding the closest points in
the whole region.

The joint mesh segmentation and motion estimation
with the ICP algorithm can describe only piecewise rigid
motions. Thus, the motion of each vertex of the base mesh
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Fig. 3. Motion interpolation.

should be refined to compensate flexible motions. A point p

in R0

n−1 is moved to q̄ by its motion parameter, and then is
mapped onto the closest point q within In. The position of
q is finally refined by moving it along neighboring vertices
in In. We perform the motion refinement by minimizing
the following energy function

E(R0

n) =
∑

q∈R0
n

{wsEs(q) + wmEm(q)}, (2)

where ws and wm are weighting coefficients. The first term
Es(q) represents the temporal change in the spring energy
of the edges which are incident on q. The second term
Em(q) is introduced to preserve the surface shapes, charac-
terized by normal vectors and curvatures. The energy func-
tion in (2) is iteratively minimized by choosing the neigh-
boring vertex which yields the maximum energy reduction.

2.3. Finer Motion Estimation

Given Rn−1 and R0

n, the MV of a subdivision point ql in
Rl

n (l = 1, . . . , L) can be estimated using the MV’s of points
in Rl−1

n . Note that the position of ql is not yet determined,
but is to be computed at this step. Let q̂l denote the pre-
dicted point of ql. Then, as shown in Fig. 3(a), q̂l is given
by

q̂
l =

7∑

i=0

wiq
l−1

i + C(pl −
7∑

i=0

wip
l−1

i ),

= qs + C(pl − ps), (3)

where wi is the ith butterfly filter coefficient. pl−1

i
∈ Rl−1

n−1

and ql−1

i
∈ Rl−1

n are, respectively, the ith butterfly points
for pl and ql. C(·) is the local coordinate transform. The
local coordinates are computed such that ps and qs become
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Fig. 4. A validity check of normal shooting.

the origins and z -axes are in the surface normal direction
at ps and qs. Also, the tangential axes are defined in a
similar way.

In (3), pl − ps is a spatial wavelet coefficient in the
previous frame. Thus, q̂l is compensated by the wavelet
coefficient in the previous frame. As shown in Fig. 3(b),
pl and q̂l are located in the same position in each local
coordinates and we have

q̂
l − qs = C(pl − ps).

Therefore, the coordinate transform C(·) in (3) guarantees
that q̂l becomes equal to ql, provided that the object moves
rigidly and the base mesh is estimated accurately.

The finer motion estimation of ql is completed by map-
ping q̂l onto the surface of In. We find the piercing point
in the normal direction from q̂l. The validity of this nor-
mal shooting is checked in the parameterization domain to
avoid undesirable artifacts. To this end, we compute the
parameterization information from In onto R0

n [8]. Specifi-
cally, we find the pathes corresponding to the edges in R0

n,
group the vertices enclosed by the three pathes of each tri-
angle, and obtain the parameterization data by computing
the harmonic map within each triangle. As the triangles
are subdivided, the parameterization data are rearranged.
Then, the validity of the mapping is checked in the 2D
parameter domain as shown in Fig. 4, where the c is the
parametric candidate point at the center of the edge ab and
d is the candidate point obtained by the normal shooting.
If d is within the circle, the normal shooting is declared as
valid and the inverse mapping of d becomes the final posi-
tion ql. Otherwise, the inverse mapping of c is employed
as ql.

Finally, the motion prediction error e of ql is given by

e = q
l − q̂

l
, (4)

which is encoded by the following coding scheme.

3. SEMI-REGULAR MESH SEQUENCE

CODING

We propose a coding scheme which compresses the semi-
regular normal mesh sequences, which are converted from
irregular input meshes. The base mesh of a semi-regular
mesh is the starting structure from which the subdivision
is recursively performed. Its connectivity is typically ir-
regular, while subdivision points form a hierarchical regu-
lar structure. Therefore, the semi-regular mesh sequence
is compressed in two phases: irregular base mesh sequence
coding and subdivision geometry sequence coding.

Fig. 5. Parent-child relations among subdivision points.

3.1. Coding of Base Mesh Sequence

Since the semi-regular mesh sequence has the unified topol-
ogy due to the motion tracking, its base mesh sequence also
has the isomorphic property. In other words, the number of
vertices and the topology are invariant over all the frames.
Yang et al. proposed a compression algorithm for 3D iso-
morphic mesh sequences based on the two-stage vertex-wise
MV prediction [9]. At the first stage, the MV of a ver-
tex is predicted from the weighted sum of the neighboring
MV’s. At the second stage, the remaining redundancies are
further removed by exploiting the spatial or temporal cor-
relation adaptively. We apply this algorithm to compress
the base mesh sequence embedded in the semi-regular mesh
sequence. In this algorithm, the prediction errors are uni-
formly quantized and arithmetic-coded. Note that there
still remain the quantization errors, which are reduced fur-
ther in the zero-tree coding in the next phase.

3.2. Coding of Subdivision Geometry Sequence

The zero-tree coding scheme was successfully applied to
subdivision geometry shape [1], using the parent-child rela-
tions in the semi-regular mesh, which is shown in Fig. 5. Af-
ter encoding the first frame by the conventional algorithm
[1], the prediction error vectors e in (4) are compressed
by the zero-tree coding scheme SPIHT [10]. The zero-tree
coder consists of three independent coders: two for tangen-
tial components and one for the normal component of the
prediction errors. The bitstreams from these three coders
are interleaved to achieve progressiveness.

The bit allocation for each frame affects coding effi-
ciency considerably. In this work, we apply common bit
planes for all prediction errors in a sequence, and encode
the same level of bit planes of all prediction errors sequen-
tially. As bits are received, the total energy of prediction
errors decrease monotonically. During the zero-tree coding,
the quantization errors of the base mesh sequence are in-
cluded at the root nodes. Then, the output bits of the zero-
tree coder are entropy-coded. In the decoder, q̂l in (3) is
computed with the decoded values of points. Finally, when
all bit planes are received, the decoded meshes become the
same with the original semi-regular meshes.

4. SIMULATION RESULTS

To evaluate the proposed algorithm, we made a clay model
called ‘dancer’, which has bones and can be moved in a
human-like way. We animated the model by hands, and
scanned each frame with the Cyberware 3030MS scanner.
The test sequence consists of five frames, and each frame is
composed of 42,990 vertices and 85,976 triangles on average.
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(a) 1st frame (b) 5th frame

Fig. 6. The ‘dancer’ test sequence.

Fig. 6 shows the first and the fifth frame meshes. The first
frame is simplified to a base mesh which has 177 vertices and
350 triangles. Then, the base mesh is recursively subdivided
four times to make a semi-regular normal mesh composed of
44, 802 vertices and 89, 600 triangles. The following frame
meshes are converted into semi-regular normal meshes by
the base motion estimation and the finer motion estimation.

Fig. 7 presents the compression results. The distortion
is measured by the METRO algorithm [11], which com-
putes the dissimilarity between two arbitrary meshes. The
distance is normalized by the bounding box diagonal and
thus has no unit. For the sake of comparison, we convert
each frame mesh into a semi-regular normal mesh and com-
press the resulting mesh independently without considering
temporal correlations. This scheme is called ‘intra-coding’
in Fig. 7. On the contrary, the proposed algorithm is called
‘inter-coding,’ since it yields a significant coding gain by
exploiting the temporal correlations. When the target dis-
tortion is fixed, the proposed algorithm requires only about
half the bit rate of the intra-coding scheme. For exam-
ple, when the distortion is 0.0006, the proposed algorithm
produces about 1.3 Kbytes/frame whereas the intra-coding
scheme requires about 2.3 Kbytes/frame. In this test, we do
not include the bits for the base mesh sequences to compare
only the performances of subdivision geometry compression.
When they are included, the proposed algorithm provides
even better coding gain.

5. CONCLUSION

In this paper, we proposed an algorithm to compress 3D
dynamic mesh sequences. The proposed algorithm first
converts an input irregular mesh into the semi-regular one
based on the hierarchical motion estimation. The semi-
regular mesh sequence has a highly regular structure, which
enables us to apply the zero-tree coder to compress the
residual vectors effectively. Simulation results demonstrated
that the proposed algorithm shows much better compres-
sion performance than the intra-coding scheme that encodes
each frame independently.
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