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Abstract In this paper, we introduce a novel method
to hierarchically decompose the animated 3d object efficiently by utilizing high-dimensional and multi-scale
geometric information. The key idea is to treat the animated surface sequences as a whole and extract the
near-rigid components from it. Our approach firstly detects a set of the multi-scale feature points on the animated object and computes approximately invariant
signature vectors for these points. Then, exploiting both
the geometric attributes and the local signature vector
of each point (vertex) of the animated object, all the
points (vertices) of the animated object can be clustered
efficiently using a GPU-accelerated mean shift clustering algorithm. To refine the decomposition boundaries,
the initially-generated boundaries of the animated object can be further improved by applying a boundary
refinement technique based on Gaussian Mixture Models (GMMs). Furthermore, we propose a hierarchical decomposition technique using a topology merging strategy without introducing additional computations.
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Our animated object decomposition approach does
not require the topological connectivity of the animated
object, thus it can be applied for both triangle mesh and
point-sampled geometry sequences. The experimental
results demonstrate that our method achieves both good
quality results and high performance for the decomposition of animated object.
Keywords Animated object · geometry decomposition · multi-scale features · Gaussian Mixture
Models
1 Introduction
As an active research area in computer graphics and
computer vision, there exist many methods for static
3d object decomposition. Recently, Shamir [23] conducts a general survey on mesh segmentation. Segmentation benchmarks also have been proposed for evaluation and comparison of different static object decomposition methods [3]. Similarly, the decomposition
of animated 3d object is a fundamental operation for
many geometric modeling applications, including rigid
bone estimation [11], morphing [15, 25], shape interpolation [4], and deformation transfer [14]. There exist several methods for segmenting non-static (e.g., deforming) meshes [11, 12, 13, 21], and these approaches
target at different applications due to their different requirements.
Comparing with the static object decomposition,
animated object decomposition is more challenging considering the following aspects. (1) The data amount
of the animated object is much larger than the single
static object. Hence, the decomposition performance for
the animated object is usually not efficient. (2) Unlike
the video segmentation, where there exist pixel-to-pixel
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correspondences among the consequent image frames,
the animated object sequences usually do not hold the
point-to-point correspondence between the surfaces in
adjacent frames. Especially for the point-sampled geometry sequences, the geometry objects in different frames
usually contain different numbers of points, which increases the complexity of the decomposition. (3) It is
necessary to not only maintain the decomposed components temporally-coherent, but also catch the meaningful patch of the underlying animated object, especially
for animated object with large deformation.
To address the aforementioned problems, we introduce a novel method for the animated object decomposition, which is based on similarity signature vector
clustering. Our method firstly detects a set of the multiscale feature points of the underlying animated object,
and converts these feature points into geometry signatures, which are approximately invariant under shape
rigid/scaling transformation. Then, by considering several intrinsic attributes of each point (vertex) primitive
of animated object, such as its position, normal, and
local signature vector, the point set can be clustered
efficiently using the proposed GPU-accelerated highdimensional mean shift clustering algorithm, which is
guided by the multi-scale feature points matching. To
obtain more accurate boundaries for producing meaningful decomposition components, the initial generated
boundaries of mean shift clustering are further refined
by applying a statistics-based GMMs (Gaussian Mixture Models) boundaries refinement technique. Hierarchical decomposition is important for analyzing and
processing data set at multiple scales, such as animated
object simplification and compression, and we also propose a fast hierarchical decomposition method utilizing
a topology merging strategy. It is fast and demands no
additional computation.
In summary, this paper introduces the following contributions.
(1) A novel similarity signature vectors clustering approach for the animated object is proposed. Relying on
the proposed GPU-accelerated high-dimensional mean
shift clustering, the animated object can be decomposed efficiently.
(2) A new boundaries smoothing operation based on
a statistics-based GMMs boundaries refinement technique.
(3) A hierarchical animated object decomposition approach which meets various geometric applications.
Our decomposition approach pursues operation directly on the point (vertex) primitive and does not require the topological connectivity of the animated object. Thus, it can be applied for both regular animated
triangle mesh and point-sampled animation sequences.
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Note that in the following content, to avoid misleading,
we will use “point” to represent either vertex primitive
in triangle mesh or point primitive in point-sampled
geometry.
2 Related Work
Segmentation is a fundamental problem in processing
images, video, audio, surfaces and other types of multimedia dataset. Mesh segmentation not only provides
semantic information about the underlying object, but
also can be used to guide many types of mesh processing algorithms. Lots of static mesh segmentation methods have been proposed, and the readers can refer to
Shamir’s work [23] for a recent survey on mesh segmentation. Similarly, the animated object decomposition is
also important for the following processing algorithms,
including rigid bone estimation [11], morphing [15, 25],
shape interpolation [4] and deformation transfer [14].
Several methods were presented to segment a deforming mesh with known vertex-to-vertex correspondence [11, 12, 22, 13, 14, 26]. Katz et al. [12] transformed the given poses into a multi-dimensional space
with the property that all of the poses are similar in this
space. James and Twigg [11] considered the rotational
sequences between corresponding triangles in different
poses. Each rotational sequence is mapped to a highdimensional space and the near-rigid components are
found using mean shift clustering in this space. However, this method does not find a segmentation of the
mesh since some triangles in deforming regions might
not belong to any cluster. Similar as [11], both Sattler et al. [22] and Lee at al [14] tried to analyze and
cluster the motion of each vertex of the mesh for segmentation. Nevertheless, the presented experimental results show that a near-rigid segmentation is not always
achieved. Lee et al. [14] proposed to find near rigid components by initially analyzing the degree of deformation
between two nearby faces on the deforming mesh. Then,
the given deforming mesh is decomposed into near-rigid
components where the segmentation boundaries always
locate at regions of large deformation. This method generates satisfactory results, but it is too slow since all
geodesic distances and deformation distances between
the points have to be computed. More recently, Wuhrer
and Brunton [26] presented a near-rigid segmentation
method for animated object using minimum spanning
tree in dual space. Compared with [14], this method is
much better in performance.
Although the aforementioned object segmentation
methods produce pleasing results, they mostly only work
for the triangle mesh, and rely on the prior condition
that there exist vertex-to-vertex correspondences in the
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animated object. Knowing the corresponding triangles
in adjacent frames, many similarity metrics such as triangle rotation sequence [11], deformation distance [14]
and constructed dual space in the mesh models [26],
are easy to define. However, when topology connection
changes for each surface frame so that such vertex-tovertex correspondences do not exist between the adjacent frames, these methods can not work well. Moreover, for unstructured point-sampled geometry sequence,
the geometric object in each frame is usually sampled
non-uniformly and the difficulty for existing methods
will become more serious. In comparison, our decomposition method intrinsically supports both triangle mesh
and point-sampled geometry.
There are some other works that are closely related
to ours. Golovinskiy and Funkhouser [9] proposed to
produce a consistent segmentation for a set of meshes.
Although this method obtains pleasing results for mesh
set and can be extended to process point-sampled surfaces, its running time (including graph construction,
mesh overcompensation, and segment merging ) is high
for animated objects due to large data amount.
Many shape matching methods have been proposed
for applications such as 3D model retrieval, and please
refer to [24] for a survey. Gal and Cohen-or [7] proposed
salient geometric features for partial matching of surfaces represented by triangular meshes. The saliency
grade for a patch is defined as a linear combination
of several local shape descriptors [7]. Recently, Shapira
et al. [24] exploited the “context” of each part of the
3D objects to improve the establishment of correspondences between parts. These two methods [7, 24] produce satisfied results for partial shape matching and
3D model parts retrieval. However, these shape matching methods can not be directly extended to achieve
animated object decomposition. Firstly, the geometric
saliency or surface context information is defined on a
local patch not on a single point. Thus, the 3D objects have to be clustered beforehand. Secondly, the
time complexity for defining the surface saliency [7] and
surface context [24] is too high for each point of the animated object sequence.
Huang et al. [10] performed an alignment between
the source and target surface by propagating consistent closest point correspondences, which is suitable
for large isometric deformations. Li et al. [16] proposed
a global registration method to solve point correspondences using a non-linear optimization. Nevertheless,
these two registration methods are not convenient for
animated object decomposition because the correspondence optimization is sensitive to topological changes
between the adjacent frames of animated object. Attene
et al. [2] proposed a hierarchical clustering for point-

3

samples surfaces. However, this method only considers
the single static point model and cannot be directly
applied to the animated object.
In this paper, inspired by the SIFT method [18, 17],
we employ multi-scale surface features to perform surface matching. Different from [7, 24], we do not concern that our feature points represent visually important portions of the model. Our interest is to detect a
stable set of feature points that are approximately invariant under shape rigid/scaling transformation, and
are also convenient for surface matching using mean
shift clustering. Additionally, compared with [7, 24],
our geometry signatures are easy and efficient to be
computed.

Fig. 1 Flowchart of the proposed algorithm.

3 Fast animated object decomposition
To extract the near-rigid components of the animated
object, we treat the animated object sequences as a
whole. All the points of each frame are mapped into the
feature space with three geometric properties. The clustering procedure takes place across frames according to
the bandwidth of mean shift in the feature space. To decompose the animated object into multiple meaningful
components, the feature points in different frames with
similar geometric properties should be clustered firstly.
Following the SIFT method [18, 17], we first detect the
multi-scale features on the animated object and compute a local high-dimensional surface signature vector
for each feature point. Then the points whose signatures match are clustered, and these matched features
are used to guide the decomposition. Fig.1 gives the
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flowchart of the proposed method. In brief, our decomposition consists of the following two steps: (1) multiscale feature points detection and clustering, and (2):
animated object decomposition.
In this section, the similarity metric for the points
of the animated object is firstly introduced. Then, how
to cluster these points using the non-parametric clustering based on the mean shift algorithm is illustrated.
Finally, to increase the decomposition performance, a
GPU-accelerated mean shift algorithm for clustering
high-dimensional data is presented.

3.1 Approximately invariant signature evaluation
Let the animated object P has a sequence of T surfaces
with positions P = (P 1 , P 2 , . . . , P T ), where P t ∈ <3N
is the tth frame surface with N t points, and we refer
to the index t as “time”. Note that number of points
N t may be different in each frame P t . To extract the
meaningful components from the animated object, the
similar feature points should be firstly clustered. The
feature points need not to be visually important portions of the animated object, but remain stable for surface matching.
Inspired by the SIFT method [18, 17], we build a
multi-scale representation for the input animated object and use the locations of level difference extrema
as the feature points. The multi-scale representation
Lt (x, h) = Gt (x, h) ∗ P t (x) of a surface P t can be computed by filtering P t using a filter operator Gt (x, h),
where h is the parameter so-called scale. To define filter Gt (x, h), we apply the diffusion based on curvature flow [5] for triangular mesh and point set surfaces [29, 28] for point-sampled geometry. To detect
stable feature locations in surface scale space, we apply scale-space extrema in the difference of multi-scale
surface convolved with the Gaussian function, Dt (x, h).
Dt (x, h) can be computed from the difference of two
nearby scales separated by a constant multiplicative
factor k:
Dt (x, h) = (Gt (x, kh) − Gt (x, h)) ∗ P t (x)
= Lt (x, kh) − Lt (x, h).

(1)

To detect the salient features, the normal difference between two adjacent levels of the multi-scale representation is defined. The value of the normal difference at
a point to its neighbors within the level as well as to
its neighbors on the two neighboring levels of the scalespace hierarchy [18, 17] are compared. If the difference
is larger (or smaller) than for all of its neighbors, then
the point has level difference extrema and is detected
as feature point.

As illustrated in fig. 2, we compute and detect the
features for each frame of the animated object, and we
can observe that most features exist on each frame.
Each feature point defined using this method has several attributes (the position, the normal, and the scale),
which can be used to perform surface matching. However, these attributes are not invariant under shape
rigid/scaling transformation. Therefore, to achieve efficient matching, we endow each feature point with a
signature that is invariant to rigid/scaling transformation [17]. Given a point p ∈ <3 with a normal n and
a scale h, to define a local signature vector σ(p, n, h),
an orthogonal local frame (u, v, n) on p is first defined.
Then, R × S points ξkl are defined, which sample a disc
around point p:
2lh
2πk
2πk
ξkl ≈ p +
(cos(
)u + sin(
)v)
(2)
R
S
S
where k = 1 . . . R and l = 1 . . . S. With the normals vkl
of the sample points ξkl , a R × S array of values are
defined by projecting vkl onto the direction connecting
the p and ξkl , and each array element is skl . Applying
the Fourier transformation to skl , the array of (s̃kl ) is
computed, where k = 1 . . . R, l = 1 . . . S. The upper left
corner of s̃kl are values that are approximately invariant
to the choice of u and v if S is sufficiently large. The
signature vector of feature point is defined by extracting
the upper-left corner of s̃ so that:
σ(p, n, h) = (s̃kl )k=1...R0 ,l=1...S 0 .

(3)

The signature vector σ of feature point p is not invariant
under shape rigid/scaling transformation.
By applying the repeatability of the features on surface frames of the animated object, the sets of feature
positions can be compared for points clustering. In our
experiments, we use R = 32, S = 8 for point sampling,
0
0
and set R = 6, S = 4 to define a 24-dimensional
signature vector, which is enough to capture the approximately invariant information. Note that feature
points from the boundaries should be eliminated. Further, ridge-like structures [17] are not extracted, since
these points are unstable for shape matching.
3.2 Non-parametric point clustering
Given an animated object P = (P 1 , P 2 , . . . , P T ), all
the points in the animated object construct the following point set P = {zi = (pi , ni , σi )}. Incorporating
three geometric properties of each point zi , the position
pi , normal ni , and local signature vector σi , the mean
shift clustering procedure with adaptive bandwidth wi
is applied to cluster the point set.
Ã°
° !
N
N
X
° z − zi °2
1 X
z − zi
°
°
f (z) =
)=c
k °
(4)
K(
wi
wi °
N wd
i i=1

i=1
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(a) 1st frame

(b) 24th frame

(c) 48th frame
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(d) 72th frame

Fig. 2 Feature detection on the animated object. Comparison of scale-space features from 4 frames of deforming mesh. The red
triangles are where the feature points lie.

where
K(x) is kernel function satisfying K(x) ≥ 0 and
R
K(x)dx
= 1. The wi in eq. 4 is the parameter sod
<
called the bandwidth.
As the high-dimensional feature signature vectors
capture the important geometric information, all the
other points are clustered under the guidance of the feature point set {zi∗ }. To achieve this goal, our method
set a relatively larger weight between the features in
the same neighbors. The similarity distance between
2
the points can be represented as the distance kz − zi k
between z and zi in a nearest neighborhood, which is defined as a weighted combination of the aforementioned
three geometric properties.
When both points z and zi are feature points in the
neighborhood, then we use the high-dimensional local
signature vector σ and σi of z and zi to define distance
with larger weight w3 :
2

2

2

kz − zi k = w1 kn − ni k + w2 kp − pi k
2
+w3 kσ − σi k ,

(5)

otherwise using relatively smaller weight w4 :
2

2

2

kz − zi k = w1 kn − ni k + w2 kp − pi k
2
+w4 kσ − σi k .

(6)

In most our experiments, we set w1 = 0.5, w2 = 0.5,
w3 = 2 and w4 = 1, and obtain satisfactory results.
Note that for animated object containing large deformation while with little amounts of surface frames, we
set larger weights for w3 , w4 . For example in Fig.14, we
set w1 = 0.5, w2 = 0.5, w3 = 3 and w4 = 2, in this
case, local signature vector pays more important for
clustering. When the animated object with noises, we
set relatively larger weight for w2 than w1 , for example
in Fig.8, we w1 = 0.5, w2 = 0.8.
The reasons to define the above distance metric by
combining three kinds of attributes are as follows: (a)
The position attribute ensures the decomposition results more continuous, and avoids the artifacts that
some points in deforming regions might not belong to
any cluster. (b) The normal attribute keeps our method
feature sensitive so that the decomposition inclines to

happen on the boundaries, and generates more meaningful decomposition. (c) The local signature vector
helps to cluster the similar geometry regions, and it
does not depend on the surface rigid/scaling transformation. Although the position component pi and normal component ni are not invariant under shape transformation, the variation in the position and normal
component between the adjacent frames is small since
the surface frames in the animated object change continuously. Further, with relatively small weights in the
similarity metric in eq.5 and eq.6, the similar points can
be clustered to generate more consistent parts.
To subdivide the data set P = (P 1 , P 2 , . . . , P T ) into
a set of clusters using mean shift, the center of the cluster is found by defining as the local maximum of eq.4.
Taking the gradient of eq.4 we get
∇f˜(x) =

°
°2
N
°
2c X °
° z − zi ° )m(x),
g(
°
d+2
Nw
w °
i=1

(7)

where g(x) = −k 0 (x). The mean shift vector m(x) is
given by
° z−z °2
PN
i°
°
)
i=1 zi g(
m(z) = PN
(8)
° z−zw °2 − z.
i
° )
g(°
i=1

w

Using the following iterative procedure
y j+1 = y j + m(y j ), j = 0, 1, 2, . . . ,

(9)

the y j (let y 1 = z1 ) converges to the stationary point
y ∗ of the density, which is the center of the cluster. All
the points that converge to the same stationary point
belong to the same cluster, which results into the decomposition results.
Fig. 3 gives the decomposition results of our method.
Compared with mean shift clustering using only position and normal, our method generates more meaningful results. In Fig.4, compared with [11], our result is
more visually consistent and temporally-coherent. Furthermore, there are no isolated triangles found in our
results.
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Fig. 3 Decomposition results comparison. Top row: mean shift clustering using only position and normal information, middle row:
mean shift clustering using position, normal and local signature vector information, bottom row: boundaries smoothing.

Fig. 4 Comparison of animated object decomposition with [11],
left is the decomposition result of [11], right is the result using
our method.

3.3 GPU-accelerated mean shift clustering
Mean shift is a powerful method for non-parametric
clustering of scattered data, and it does not need to
care about both the dimensionality and topology connectivity of the data set. However, for each point considering three geometric attributes, it results in a d = 24
dimensions vector, zi ∈ <24S . How to perform highdimensional nearest neighbor search (eq.8) efficiently is
problematic for mean shift clustering. Moreover, the local signature vector of the feature point has even higher
dimension (d = 30 is used in all our experiments, zi ∈
<30S ). Several acceleration techniques for mean shift algorithms have been presented. Georgescu et al. [8] used
Locality Sensitive Hashing (LSH) for fast approximate

nearest neighbor searches. Paris and Durand [20] computed the density function on a coarse grid to accelerate
clustering. Inspired by [1], our method accelerates the
mean shift clustering using GPU-accelerated Gaussian
kd-tree.
The most time-consuming step for mean shift clustering is to compute the mean shift vector m(x) (eq.8).
To conquer this bottleneck, our strategy is to accelerate the multidimensional approximate nearest neighbor
search and the weighted filtering using GPU-accelerated
Gaussian kd-tree. Following [1], we replace the filtering
term
°
° ,
°
°
XN
XN
° z − zi °2
° z − zi °2
° )
°
°
zi g(°
g(
° w °
° w ° ),
i=1
i=1
in eq.8 with a weighted linear combination with geometric feature values of all the neighbor points. The
new filtering term is formalized as:
XN
2
z=
e|z−zi | /2 · zi .
(10)
i=1

Here we assume that geometric information vectors are
represented in homogeneous coordinates. The homogeneous coordinate is filtered along with the others, thus
the division by the sum of the weights becomes unnecessary.
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Adopting the method presented by [31], a kd-tree is
efficiently built on the GPU for the N input points with
high-dimensional vector (zi = (pi , ni , σi )). Then using
the Gaussian kd-tree [1, 27], the N input points are
clustered with the following three steps executed in sequence, splatting (scattering point values onto nearby
samples: down-sampling), blurring (gathering at each
sample from nearby samples: filtering) and slicing (gathering at each point from nearby samples to construct
the output: upsampling). Both the nearest neighbor
search and the filtering (Eq.10) can be performed efficiently. The time complexity is O(d ∗ N logN ) for the
filtering operation, where d is the dimension number of
the zi .
Using the Gaussian kd-tree structure, the input data
set is greatly downsampled for filtering. Additionally,
high-dimensional kd-tree construction and the above
three steps (splatting, blurring, slicing) used for computing high-dimension filtering (Eq.10) can be implemented in parallel using GPU. We implement the proposed algorithm in CUDA, and run it on a NVIDIA
GeForce GTX 285 (1GB) graphics card. We observe a
typical speedup of 10x over our single-threaded CPU
implementation running on an Pentium(R) Dual-Core
CPU E5200@2.50GHz with 2GB RAM.
4 Decomposition boundaries smoothing
Although our decomposition results catch the meaningful components of the animated object, the rough cutting boundaries may look visually unpleasant. Thus, the
initially generated boundaries should be further refined.
The goal of this section is to illustrate how to smooth
boundary. Inspired by [12], Lee et al [14] applied the
maximum flow minimum cut algorithm to smooth the
boundaries of deforming mesh. However, this method is
only applicable for triangle mesh, and is inappropriate
for point-sampled geometry. Furthermore, it smoothes
the boundaries frame by frame, thus it is difficult to
maintain the temporal coherence. In this section, we
propose a novel boundary smoothing operator to generate temporally coherent results.
The main idea is to use the geometric information
around the initial boundary to determine the accurate
boundary. As shown in fig.5, we build a narrow boundary band Wi around the initial boundaries of the initial patch Clusteri , which envelops the whole boundaries. Our target is to decide the accurate boundaries
in Wi . The size of Wi can vary according to the size
of the decomposed components. To reach this goal, a
foreground band (F i) and background band (Bi) regions around Wi are computed. Building the GMMs for
both F i and Bi, every point inside the band Wi can be
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assigned a foreground (object) probability. Depending
on the probability value, we can estimate if the point
belongs to the foreground F i or the background Bi,
so that the accurate boundaries are determined. Note
that to ensure temporal coherence, all Wi , F i and Bi
are built along the initial boundaries of the deforming
decomposed components, not built on each individual
model.

(a)

(b)

(c)

Fig. 5 Boundaries smoothing. (a) The initial decomposition results, (b) the boundary narrow band Wi (black points) and foreground band F i (red points) and background band Bi (blue
points) built on the models, (c) the boundaries smoothing results.

Based on the point normal ni of F i and Bi (since the
boundary is more sensitive for the normal), GMMs are
built for the local foreground (F) and background (B)
regions in the normal space. To avoid possible sampling
errors, only points whose spatial distances to the segmented boundary are larger than a threshold (5 points
in our system) are used as the training data for the
GMMs. For a point x in the band Wi , its foreground
probability pF (x) generated from the normal GMM is
computed as:
pF (x) = pc (x|F )/(pc (x|F ) + pc (x|B))

(11)

where pc (x|F ) and pc (x|B) are the corresponding probabilities computed from the two GMMs. The background
probability pB (x) of point x is defined in similar way.
Using these techniques, the point x can be classified efficiently by evaluating foreground and background probability value: if pB (x) > pF (x) , then x belongs to the
foreground, otherwise x belongs to background. To obtain a more accurate boundary, the GMM is computed
on the neighboring band of point x, not the whole band,
as the probability value should depend on a local region.
Currently the only left problem is how to efficiently
achieve the narrow band Wi , foreground band F i and
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background band Bi for the initial boundaries of the animated object. To obtain a Wi with appropriate width
w, two neighborhood with width Lr and LR (LR > Lr )
are firstly computed for the points on the initial boundaries of the animated object. Then the points, which are
involved in the neighborhoods Lr , construct the narrow
band Wi . Let DF and DB be the two adjacent parts
along the boundary, we then set F i = ((LR − Lr ) ∩ DF )
and Bi = ((LR −Lr )∩DB ). The width of F i and Bi can
be set by changing LR . Using this method, the Wi , F i
and Bi can be efficiently computed without requiring
to consider the connectivity of the points.
As illustrated in Fig.5, using the proposed boundaries smoothing operator, the initial boundaries of the
animated object decomposition are adjusted and are
more accurate. The number of Gaussian components in
each GMM is set to 4 as simple normal distribution is
expected in a small local region.

To receive a decomposition result with fewer clusters, a initial threshold RPδ is set and the neighboring
clusters, whose region persistence RP is less than RPδ ,
are merged. Let RP be the average value of all RP in
a model, we set initial threshold RPδ = 0.4 · RP . To receive a hierarchy, RPδ is increased by 0.05 to 0.1 in each
level, which depends how many levels of decomposition
results that the user requires. By this means, we produce a hierarchical structure (A1 , . . . , Am ) since smaller
clusters are merged into larger one progressively. This
construction method is fast since local maxima and saddles have already been detected during mean shift clustering procedure (mode extraction). There is no need
to re-run the clustering to create the hierarchy.
Fig.6 and Fig.11 show hierarchical decomposition
results for both static model and animated object. Note
that our method is guaranteed to produce hierarchical
results which catch the meaningful components. Further, there is no additional computation involved using
the topology merging technique.

5 Hierarchical animated object decomposition
Hierarchical clustering is a powerful tool for analyzing
and processing data set at multiple scales, such as animated object simplification, progressive data transmission, data compression, level-of-detail (LOD) approximation and animated objects retrieval. In this section,
inspired by the hierarchical Morse-Smale complexes [6]
and hierarchical image segmentation [20], we propose
an efficient method for hierarchical animated object decomposition.
Using initial decomposition results A0 produced during the mean shift clustering procedure as the input, the
main idea of our hierarchical decomposition is to merge
pairs of clusters that are weakly separated. A hierarchical structure (A1 , . . . , Am ) is built by first defining
the persistence of the boundary between two clusters
(modes). Based on the persistence values, the weakly
separated modes are merged sequentially. We first come
to define the persistence values. When the magnitude of
mean shift vector converges to zero, stationary points
are initially obtained. Then each stationary point is perturbed by a random vector of small norm and mean
shift procedure is performed again. If the convergence
point only changes in a tolerance, then this point is
considered as a local maximum. Otherwise, the point is
a saddle point. We consider two modes yi and yj , and
densities function fˆ(yi ) > fˆ(yj ). Let sij be the saddle
between these two maxima points, the region persistence RP between yi and yj is defined as:
RP =

fˆ(yj ) − fˆ(sij )
.
max∀i,j fˆ(yj ) − fˆ(sij )

(12)

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 6 Hierarchical decomposition of a static mesh model. (a)(e) Results of our proposed hierarchical decomposition method,
(f) a result of [30].

6 Experimental results and discussion
In this section, we present the experimental results of
our method, and also compare it with previous methods
on both performance and quality for animated object
decomposition. Our method is implemented in C++ on
a machine equipped with Pentium(R) Dual-Core CPU
E5200@2.50GHz with 2GB RAM. The GPU acceleration is based on CUDA [19] and runs on a NVIDIA
GeForce GTX 285 (1GB) graphics card.
In fig.6, fig.10 and fig.11, the hierarchical decomposition results for both static model and animated object
are given. In fig.6, we show the hierarchical decomposition of a static mechanical model. As illustrated in fig.6,
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(a)

(b)

(c)
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(d)

(e)

Fig. 9 Decomposition results of a point-sampled animated object, there are different numbers of points in each surface frame.

(a)

(b)

(c)

(d)

(e)

Fig. 10 Animated object decomposition, this is the final results of the 7th topology merging using hierarchical decomposition methods.

(a)

(b)

(c)

(d)

(e)

Fig. 11 Hierarchical decomposition of an animated object. (a)-(e) Results of our proposed hierarchical decomposition method.

after performing hierarchical decomposition to level 5,
our method generates the results (e) using the topology
merging approach and segment the model into several
meaningful parts. In comparison, the result of [30], as
shown in fig.6 (f), is not satisfactory. In fig.11, the hierarchical decomposition results for an animated object
are presented and three levels of decomposition results
are shown. Note that the meaningful components are
extracted and merged appropriately in the subsequent
levels. The fig.10 also gives the final decomposition results using the proposed topology merging approach.
Fig.5 shows the experimental results on our boundaries smoothing strategy. It is easy to see that the ini-

Fig. 7 Decomposition of the point sampled lion animated object,
there are different numbers of points in each frame.

tial boundaries are refined using our method, and the
adjusted boundaries generate more meaningful components. Note that the width of the Wi , foreground band
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Fig. 12 Horse-gallop animated object decomposition results comparison. Top row: our results, middle row: the results of [26] , bottom
row: the results of [11].

Fig. 8 Decomposition of the point sampled armadillo animated
object, there are different numbers of points in each frame.

F i and background band Bi can be adjusted according to the sampling density of the points. The width of
the Wi should contain the fuzzy points that need to be
rectified. In our experiments, 5-8 points width is set for
the F i and Bi, which provides enough training data for
the GMMs. The smoothing operation can be executed
iteratively until receiving pleasing results.
In fig.7, fig.8 and fig.9, the decomposition results
for point-sampled animated objects are given. It is obvious that our method achieves satisfactory decomposition results for point-sampled geometric sequence which
does not hold vertex-to-vertex correspondence between
the adjacent frames. In fig.9, the decomposition results
for the point-sampled elephant to horse morphing sequences is presented. There are different numbers of
points in each surface frame of this sequence. As shown
in fig.9, the deforming parts on the morphing sequences,
such as the deforming ivory, trunk, ear and tail, are decomposed out effectively. To define similarity distance

between two points, we set ω1 = 0.5, ω2 = 0.5, ω3 = 2
and ω4 = 0.8 to compute kz − zi k2 (Eq. 5 and 6). The
uniform bandwidth w = 0.3 is set for mean shift clustering procedure.
The fig.12 and fig.13 show the comparison results
with the methods [11] and [26]. The method presented
in [11] only considers the rotational sequences between
corresponding triangles in different poses, it does not
generate a segmentation of the mesh and some triangles might not belong to any part. The method proposed in [26] performs the animated object segmentation in dual space of the mesh model. They find nearrigid segments whose segment boundaries locate at the
regions of large deformation. This method can only be
applied for the animated triangular mesh. In comparison, our method relies on the geometry features and
the local signature vector information for clustering,
which ensures the decomposed parts more meaningful and temporally-coherent. Furthermore, our method
generates more smoothing boundaries and more pleasing results.
Table.1 shows the performance comparison of our
method with methods [8], [11] and [26]. The kd-tree
is one of the most popular hierarchical data structure
for finding nearest neighborhood. However, the kd-tree
only works well for low-dimensional data. When the dimension becomes large (for example, d > 15), its search
speed becomes very slow. We incorporate the GPUaccelerated Gaussian kd-tree into mean shift clustering,
the clustering procedure can be significantly acceler-
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Fig. 13 Man-dance animated object decomposition results comparison. Top row: our results, middle row: the results of [26], bottom
row: the results of [11].

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 14 Decomposing an animated object with very large deformation.

ated. We compare the performance of our method with
the method [8] on the time for performing 10 times
mean shift vector computation, our method achieves
around 10x speedup over [8]. We also give the total time
comparison with [8] for obtaining the final animated object decomposition. Since using different methods for

animated object decomposition, we also give the total
time consuming comparison with [11] and [26]. Note
that since no source codes are presented, we implement
the algorithms [11] and [26] by ourselves. In all the examples, we set the Gaussian kd-tree based sampling
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(a)

(b)

(c)

(d)

(e)

Fig. 15 Examples of failed decomposition using the proposed method.
Table 1 Performance (second) comparison with [8], [11] and [26]. The Points term refers to the total points in all the frames of the
animated object.
Animated objects

Frames

Points

[8](MS)

Ours (MS)

[8](Total)

[11](Total)

[26](Total)

Ours(Total)

Cat
Crane
Lion
Horse
Armadillo
Man-dance

10
10
72
48
50
160

144,100
528,950
719,712
808,464
1500,000
1600,000

49.5s
135.4s
205.8s
246.3s
450.2s
480.1s

5.2s
12.6s
18.4s
21.0s
38.2s
43.2s

94.5s
270.3s
435.2s
445.1s
840.1s
782.5s

442.1s
1346.4s
2005.8s
2246.3s
4150.2s
4639.0s

338.3s
573.7s
709.2s
811.4s
1741.2s
1957.6s

30.0s
75.2s
87.4s
91.3s
125.1s
137.5s

factor N/M between 1024 and 8192, and use 24 dimensions for the signature vector σ.
Limitations: There also exist some limitations in
our method. First, when the input animated object contains very large deformation while with little amounts
of surface frames, our method can not work very well,
as shown the collapsing camel in fig.14. It is because
in such a scenario, the variation of the signature vectors is very large between the adjacent surface frames,
and the local geometry information can not match well.
Moreover, processing this kind of animated object, our
method might introduce some artifacts such as overdecomposition (especially on the regions with large deformation). Second, although our method works well to
decompose an animated object into near-rigid components, for the non-rigid components on the animated
object, our method can not work well. As illustrated
in Fig.15, the animated eyes on the deforming faces
are decomposed well, since they are near-rigid components. Nevertheless, the non-rigid components around
the deforming mouth are not decomposed well by our
method. Another drawback of our method is that, in
the current form, our method is only suitable to treat
data with negligible amounts of noise and defects, as a
direction for future work, we will improve our method
for precessing noisy and faulty data.

metric invariant feature vectors into mean shift clustering, our method can generate both temporally coherent and more meaningful components. Applying the
proposed GPU-accelerated high-dimensional mean shift
clustering, the animated object can be decomposed very
efficiently. We also present a boundaries smoothing strategy to generate more accurate boundaries for refining
decomposition results. Furthermore, a hierarchical decomposition method is developed to generate hierarchical animated object decomposition results.
In future, we would like to build a multi-scale space
for the whole animated object which incorporates adjacent frames so that the features can be detected more
accurately. Another interesting direction in next step
is that, we would like to explore the feature tracking
for the animated object. In this way, once feature parts
are detected, these parts can be tracked as the object
are deforming. Finally, in the future, we will improve
our method for decompose noisy and faulty aminated
object.

7 Conclusion and future work
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