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We propose an automatic mesh decomposition technique based on principal component analysis (PCA) and Boolean operations. First, we calculate the normalized protrusion degree of each dual vertex on a smoothed 3-D mesh. The protrusion degree of a
vertex and the vertex’s 3-D coordinates form a 4-D feature vector, which we use to represent the polygon mesh. Then, we apply PCA to the set of 4-D feature vectors. The projected data along the first principal axis reveals the salient structures of the 3-D object.
Therefore, by using the first component axis as the search basis, we can identify all the
salient parts of an arbitrary 3-D object.
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1. INTRODUCTION
Mesh decomposition is a major procedure that is critical to generating an efficient
representation of a mesh object. After proper decomposition, the decomposed components can be individually selected, grouped, and analyzed according to the properties of
interest [1]. A variety of applications have been developed based on this decomposition
method, for example, 3-D shape retrieval [4, 13, 15], collision detection [10], metamorphosis [13, 17], skeleton extraction [8, 16], simplification and compression [15], mesh
reduction and computer-aided design [12], and animation [14, 18, 19].
Mesh decomposition methods can be based on pure geometric properties or semantic features. In the former case, it may be necessary to segment polygon meshes into a
number of patches, while in the latter case, the segmentation process attempts to translate
raw data into higher level descriptions [7]. Katz and Tal [8] proposed an algorithm for
hierarchically decomposing meshes. However, for each node in the hierarchy, the number of patches must be determined first, and some termination conditions are needed.
Subsequently, Katz et al. [9] introduced a multi-dimensional scaling representation that
can extract the prominent feature points and core components of a mesh object. They
demonstrated hierarchical segmentation of meshes at different levels. In [10], Li et al.
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employed edge contraction and space sweeping to automatically decompose an object.
However, several restrictions are needed to define the geometric and topological functions. In [11], Liu and Zhang applied spectral clustering to 3-D mesh segmentation, and
found that the sparsity of an affinity matrix and the precision of the eigenvectors can influence the segmentation result. Mangan and Whitaker [12] modified the watershed algorithm to partition 3-D surface meshes into regions, but the result is sensitive to a
user-defined threshold for merging regions. In [13], Zhou and Huang presented a mesh
decomposition process based on critical points. Information about the critical points is
the stop condition for decomposition, which is similar to Li et al.’s approach [10]. In [14],
Lee et al. proposed a method to segment a deforming mesh into several near-rigid submeshes which are potentially helpful to a variety of applications such as LOD of an animation mesh and deformation transfer. However, their partitioned result is vulnerable to
over-segmentation while segmenting a mesh that has large degree of deformation. In [1],
Lin et al. proposed a mesh-decomposition scheme called “visual salience-guided mesh
decomposition” that can accurately extract significant components from 3-D meshes;
however, a number of thresholds have to be pre-determined by the user. Most of the previous mesh decomposition approaches except [1] are bottom-up approaches. Therefore,
geometrical features such as surface normal are commonly adopted to group surface
patches with similar orientations together. With a bottom-up decomposition strategy, it is
difficult to come up a systematic way for determining the main body of an arbitrary 3-D
object.
In Lin et al.’s work [1], a visual salience-guided mesh decomposition scheme is
proposed. However, one of the major issues of their scheme, i.e., a systematic way for
determining the exact boundaries of the main body was unsolved. In this work, we use
PCA to transform a pre-defined 4-D vector into a new coordinate frame. In the new coordinate frame, we can easily observe that the domain of protrusion degree always ranges
from 0 to a value that is less than or equal to 1 for every component (or part). Since the
zero value of protrusion degree of a part corresponds to the root of the main body along a
specific direction, we can thus determine the main body by performing Boolean operations on the domains corresponding to those constituent parts.
Generally speaking, using only the 3-D world coordinates of vertices in the mesh
decomposition process cannot reflect the local structure of an object, whereas, the value
that quantifies the degree of protrusion of every vertex on a mesh object reflects the local
property rather well. However, a protrusion degree is not distinguishable if other points
on the same object have the same protrusion degree. To take advantage of both types of
feature, i.e., the 3-D coordinates and the protrusion degree of a vertex, we propose using
them simultaneously in a mesh decomposition process. Since the two features are correlated, it is hard to characterize them in the original coordinate system.
In physics, it is not easy to distinguish the energy difference of particles in the time
domain. However, when the coordinate system is transformed into a frequency domain,
the energy difference of the particles can be easily identified because the frequency is
proportional to the energy. In this work, we combine the 3-D coordinates and the protrusion degrees of the dual vertices of a 3-D mesh object to form a set of 4-D feature vectors.
A hybrid 4-D feature vector includes the absolute position of a dual vertex in the world
coordinate and the vertex’s protrusion degree, which indicates the normalized distance
between the dual vertex and the object’s center point. To decompose a mesh, we first
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perform PCA on the set of 4-D feature vectors derived from a 3-D mesh-based object.
After the PCA transformation, we take the top three principal components as the three
axes of a new coordinate system and observe the set of transformed feature vectors in the
new coordinate system. Surprisingly, we find that the projected data along the first axis
reveals the salient structures of the 3-D object. Therefore, using the first component axis
as the search basis, we can identify all the salient components of an arbitrary 3-D object.
We then apply some Boolean operations to precisely separate the salient components of
the 3-D object from its main body.
The remainder of the paper is organized as follows. In section 2, we describe the
proposed approach in detail. Section 3 contains the experiment results. Then, in section 4,
we present our conclusions.

2. MESH DECOMPOSITION BY PCA
Fig. 1 shows the flowchart of our approach. First, in section 2.1, we use an approximate Laplacian operator (the umbrella operator) to adjust the positions of polygon
vertices iteratively so that the meshes’ lumpy vertices can be smoothed. Next, we form a
4-D feature vector for every mesh and apply PCA to the set of 4-D feature vectors that
correspond to the dual vertices of a 3-D mesh-based object. Since a 4-D feature vector is
composed of the 3-D coordinates and the protrusion degree of a dual vertex, in section
2.2, we explain how the normalized protrusion degree of a dual vertex is calculated. Then,
in section 2.3, we describe how to perform mesh decomposition using PCA. And, in section 2.4, the salient parts are labeled. Finally, in section 2.5, we apply some Boolean operations to precisely separate the salient components of the 3-D object from its main
body.

Fig. 1. Flowchart of our approach.

2.1 Nonlinear Mesh Smoothing
In general, a 3-D object can be constructed with a set of triangular polygon meshes,
but some resultant polygon surfaces of the object may look ragged due to noise or inaccurate approximation [1]. To decompose a 3-D mesh-based object into a number of meaningful components, the ragged areas must be smoothed in advance. Thus, a pre-process
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of polygon mesh smoothing is indispensable before mesh decomposition can be performed.
In the field of image processing, mean filtering is a simple yet powerful process
used to remove noise. In addition, because of its special design, the filter retains useful
information, such as edges. Thus, in this paper we use a mean filter to nonlinearly adjust
the positions of polygon vertices iteratively so that most of the uneven faces of a mesh
object can be gradually smoothed. An iterative process for nonlinear mesh smoothing can
be defined as follows [2]:
vnew ← vold + δ ⋅ L(vold)

(1)

where L(vold) is a displacement vector of vold (Fig. 2 (a)), and δ is a user-defined ratio for
each step that can control the rate of convergence (Fig. 2 (b)). A simple formula of L(v)
can be defined by the following umbrella operator, which approximates the Laplacian
operator [3]:
L (v ) =

1
∑ (ui − v)
n i∈N (v )

(2)

where v is a central vertex of N(v), and N(v) = {u1, u2, …, un} is the set of neighboring
vertices of v. As shown in Fig. 2, when Eq. (1) is applied, the original position of a mesh
vertex vold is moved to a new position, vnew.
Using this simple procedure, the positions of some lumpy meshes can be smoothed
so that the protrusion degrees of some rough surface meshes will be more consistent with
those of their neighbors.

(a)
(b)
Fig. 2. An example of the nonlinear mesh smoothing process.

2.2 How to Compute the Normalized Protrusion Degree of a Dual Vertex
The protrusion degree is defined as the distance between part of an object and the
object’s center. To calculate the protrusion degree, we adopt the normalized protrusion
degree proposed by Hilaga et al. [4] because their method is the most suitable for protrusion characterization. Usually, the protrusion degree of a given point v on a surface S in
continuous form is defined as follows [4]:

μ (v ) =

∫

p∈S

g (v, p )dS

(3)
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where g(v, p) represents the geodesic distance between two points, v and p, on S. The
continuous integral function μ(v) is defined as the sum of the geodesic distances from a
point v to all the other points on S. In practice, an integral function, such as that defined
in [1], is constructed on the dual graph of a given 3-D mesh, G = (V, E), where V and E
represent the sets of dual vertices and edges, respectively. A dual vertex v ∈ V is called
the center-of-mass of a face in the original mesh, while a dual edge (u, v) ∈ E links the
center-of-mass of two adjacent faces and intersects at the midpoint of the boundary
shared by the two faces. As a result, the original meshes are segmented into smaller
patches, called base patches, of approximately equal size [1]. Each base patch is represented by a single dual vertex, bi, located at the approximate center of the patch.
Therefore, the protrusion degree of a dual vertex v in discrete form can be defined as
follows [4]:
k

μ (v) = ∑ g (v, bi ) ⋅ area ( Pi )

(4)

i =1

where b1, b2, …, and bk are the base dual-vertices representing the base patches P1, P2, …,
and Pk, respectively; and k is the total number of base patches. In addition, area(Pi) is the
area of the entire base patch and g(v, bi) denotes the geodesic distance between a dual
vertex v and a base vertex bi. Since the function μ(v) defined in Eq. (4) is not scaling invariant, a normalized version of μ(v) is therefore defined as follows [4]

p (v ) =

μ (v) − min u∈V μ (u )
.
max u∈V μ (u )

(5)

Using Eq. (5), we can calculate the normalized protrusion degree (in the range 0 to 1) of
each dual vertex located on a 3-D mesh.
2.3 PCA Transformation of 4-D Composite Feature Vectors of 3-D Mesh Objects

In section 2.2, we defined the normalized protrusion degree, p(v), of a dual vertex of
a 3-D mesh. Thus, when combining p(v) with the coordinate of a dual vertex v, c(v) =
[x(v), y(v), z(v)], we need to normalize all the coordinate’s components, x(v), y(v), and
z(v), as follows:
x′(v) =

x(v) − min u∈V x(v)
max u∈V x(v) − min u∈V x(v)

(6)

y ′(v) =

y (v) − min u∈V y (v)
max u∈V y (v) − min u∈V y (v)

(7)

z ′(v) =

z (v) − min u∈V z (v)
.
max u∈V z (v) − min u∈V z (v)

(8)

and
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Since the normalized version of c(v) is c′(v) = [x′(v) y′(v) z′(v)], let X = {X(v) | X(v) =
[λc′(v) p(v)] ∈ R4, v ∈ V}, where λ is a weighted value (0 ≤ λ ≤ 1) and p(v) is the normalized protrusion degree of a dual vertex v.
Surprisingly, after applying the PCA transform [5, 6] to the composite 4-D feature
vectors X, we find that the distribution of their magnitudes and signs along the direction
of the first component reveals the salient structures of a 3-D mesh object when we project the data onto the first three principal axes. The first principal component is the most
important feature because it reflects the salient characteristics of the parts. After all parts
of the body have been labeled, the main body and its salient parts can be separated by
applying some Boolean operations. Next, we describe how to identify the salient parts
based on the results of PCA transformation.
2.4 Neighborhood Labeling of Salient Parts

To separate the main body of a 3-D mesh object from its salient parts, we observe
the transformed data spread along the first three principal axes. Fig. 3 shows a Dinopet in
which the first three principal axes have been PCA-transformed. It is obvious that the
transformed data points converge along the axis of the first principal component. Similar
to a diffusion process, each salient component of the 3-D mesh can be obtained by using
a simple neighborhood labeling method to search along the first principal component
from the local maximum to zero. The neighborhood labeling process is described below.
Let L represent the labeling operation of a triangle that covers a dual vertex v, and Sx
be the neighborhood vertices of a vertex x. Sx = {v | ∀v ∈ L(x), iff c1(v) ≠ 0} for x ∈ {vi |
∀vi ∈ V} where V is a sequence which is sorted by the value of the first component of the
dual vertex vi, namely c1(vi), in descending order. Then, for each salient part k, Sk is the
set of vertices in the diffusion process Sx. The diffusion process repeats recursively until
c1(vi) is equal to zero. The procedure is repeated until other salient parts are labeled. For
the case of Fig. 3, the number of times of repeated process is six, i.e. k = 6.
By setting the minimum value to zero, we can guarantee that a salient part and the
main body of an object will be covered simultaneously. Fig. 4 shows the neighborhood
labeling results of the Dinopet example in Fig. 3; a total of six salient parts are located in
the PCA transformed space. These six parts correspond, respectively, to the arms, feet,
head, and tail of the Dinopet. The six neighborhood labeling results are shown in Figs. 4
(a)-(f) respectively.

Fig. 3. A Dinopet: PCA transformation of the first three principal axes.
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(b)

(c)

(d)
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(e)
(f)
Fig. 4. The neighborhood labeling results of the Dinopet example in Fig. 3.

2.5 Differentiation of the Main Body and the Salient Parts

In the previous section, we described how to derive the salient parts of a 3-D object
through a neighborhood labeling process. However, we found that the process labeled the
main body of the object as well as its salient parts. To clearly separate the salient parts
from the main body, we need to know the exact boundary of the body. Therefore, we
developed a method to extract the main body from all the labeled neighborhoods. For
simplicity, we use an object (G) composed of three salient parts (PA, PB, and PC) and the
main body (M) as an example to explain how our method works (Fig. 5). Assume the
light blue, light orange and light yellow ellipsoids represent A, B, and C, respectively.
The three ellipsoids represent three labeled neighborhoods. The overlapping parts between
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Fig. 5. The main body and the three salient parts are clearly defined after applying Boolean operations.

the neighborhoods and the main body are MA, MB, and MC, respectively. In summary, A
= PA + MA, B = PB + MB, C = PC + MC, G = A + B + C, and M = MA + MB + MC.
According to the truth table of XNOR logic gate, A HIGH output (1) comes out if
both of the inputs to the gate are the same. If one but not both inputs is HIGH (1), a LOW
output (0) comes out. Based on the characteristics of XNOR logic gate, we can find the
common part shared by the main body (M) and the object (G), i.e. G~M. Here, “~”
represents an “XNOR” operation.

(9)
In Eq. (9), the main body (M) can be derived by M = A · B + A · C + B · C. The inverse of M, i.e., M, is equal to
M = A ⋅ B ⋅ C + A ⋅ B ⋅ C + A ⋅ B ⋅ C.

(10)

To derive the clean salient part A, we apply the “AND” operation between A and M.
The salient part A is derived as follows:
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(11)

Substituting Eq. (10) into Eq. (11), the salient part A(PA) can be determined by
PA = A ⋅ (A ⋅ B ⋅ C + A ⋅ B ⋅ C + A ⋅ B ⋅ C) = A ⋅ B ⋅ C

(12)

Similarly, PB and PC are equal to A ⋅ B ⋅ C and A ⋅ B ⋅ C, respectively. Although the example only shows three salient parts, for objects with more salient parts, the main body
and salient parts can be derived by using extended versions of Eqs. (9) and (12).
We use the Dinopet mesh-based object to show how the complete automatic mesh
decomposition procedure works. Using an extended version of Eq. (9), we can determine
the main body of the Dinopet model from its six labeled salient parts (Fig. 4) by applying
the following series of Boolean operations:
M = A⋅B+ A⋅C + A⋅D + A⋅E + A⋅F+
B⋅C + B⋅ D + B⋅ E + B⋅ F +
C⋅D + C⋅E + C⋅F + D⋅E + D⋅F+ E⋅F

(13)

where A, B, C, D, E, and F are the six labeled neighborhoods shown in Fig. 4. Using Eq.
(13), we can determine the main body of the Dinopet model, as shown in Fig. 6 (the part
in red). Once the main body has been determined, the salient part A(PA) of the Dinopet
model can be derived by the following composite Boolean operation:
PA = A ⋅ B ⋅ C ⋅ D ⋅ E ⋅ F.

(14)

Fig. 6. The main body of the Dinopet polygon meshes (red part) can be determined by applying
Boolean operations on labeling results of the six neighborhoods.
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Fig. 7. The salient part PA of the Dinopet polygon meshes (blue part) can be derived by applying
the “AND” operation on A, B, C, D, E, and F .

Using Eq. (14), the salient part A of the Dinopet model can be determined as shown in
Fig. 7 (the part in blue). The other five salient parts can be determined similarly.
With the proposed measures for the degree of protrusion and PCA transformation,
the significant components of an arbitrary 3-D mesh can be identified and extracted by
executing some Boolean operations. In terms of efficiency, the total complexity of the
proposed method is O(|V|log|V|). The protrusion degree characterization process can be
computed in O(|V|log|V|) [4]. Since we perform PCA on the set of 4-D feature vectors
derived from a 3-D mesh-based object, the computational complexity of PCA algorithm
is O(42|V|). In addition, the process for Laplacian mesh smoothing costs O(|V|). The
process for neighborhood labeling can be calculated in O(K|V|), and the process for Boolean operation costs O(K), where K is a constant which stands for the number of salient
parts of a mesh-based object. In [1], Lin et al. proposed a visual salience-guided mesh
decomposition scheme. The complexity of their algorithm is O(|V|2log|V|).

3. EXPERIMENT RESULTS
In the experiments, we used six 3-D mesh-based objects to test the effectiveness of
our approach. The six test models are a Dinopet (Fig. 8 (a)), a Horse (Fig. 8 (b)), a Big
Cat (Fig. 8 (c)), a Cactus (Fig. 8 (d)), a Palm (Fig. 8 (e)), and a Venus Head (Fig. 8 (f)).
Figs. 9 (a)-(f) show the distribution of the protrusion degrees of the smoothed mesh objects in Figs. 8 (a)-(f), respectively. In the first step of Laplacian mesh smoothing, we
used a mean filter to adjust the position of a polygon vertex iteratively. The parameter of
the user-defined ratio for each step, δ, was consistently set to 0.5, and the number of iterations of the smoothing process for each example was fixed at 100. Note that the larger
the number of iterations, the more easily the salient part can be distinguished. However, a
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(a) Dinopet.

(b) Horse.

(d) Cactus.
(e) Palm.
Fig. 8. The six test models used in our experiments.

(a) Dinopet.

(b) Horse.

(c) Big cat.

(f) Venus head.

(c) Big cat.

(d) Cactus.
(e) Palm.
(f) Venus head.
Fig. 9. Distribution of the protrusion degrees of six smoothed 3-D polygon meshes.
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polygon mesh model not only becomes deformed, but also shrinks after the recursive
smoothing process is applied. Therefore, the number of iterations has to be confined. To
balance the degree of importance of the 3-D coordinates and the protrusion degree, we
set the weighting factor λ of the composite 4-D feature vector X at one third. Figs. 10
(a)-(f) show, respectively, the data obtained from the first three principal components
after performing PCA transformation on the six test models. Table 1 lists the cumulative
percentages of the degree of representation in the first three principal components. From
the table, we observe that the projections on the first three principal axes already approximate at least 90% of the original data. However, the boundaries between decomposed salient components and the main body are usually saw-toothed, as some meshes
are overlapped in the neighborhood labeling process. Therefore, we applied Dijkstra’s
algorithm as a post-processing step to determine the shortest path on a graph of the
boundaries.

(a)

(b)

(c)

(d)
(e)
(f)
Fig. 10. Visualization of the projections on the first three principal components of: (a) a dinopet, (b)
a horse, (c) a big cat, (d) a cactus, (e) a palm, and (f) a Venus head.

Table 1. The cumulative percentages of the degree of representation in the first three
principal components.
Component 1 +
Component 1 +
Mesh Object
Component 1
Component 2 +
Component 2
Component 3
Dinopet
74.9708%
89.8334%
97.5543%
Horse
71.8391%
90.7804%
96.2159%
Big Cat
63.8539%
80.5739%
94.7240%
Cactus
73.2575%
83.5216%
93.1713%
Palm
86.1423%
94.9363%
98.4768%
Venus Head
68.9752%
80.8511%
90.8861%
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The decomposition results of our approach and Lin et al.’s approach [1], are respectively shown in Figs. 11 and 12. In Lin et al.’s work [1], they failed to decompose the
Venus Head model (Fig. 12 (f)) since the head model contains less protrusive features.
As shown in Fig. 10 (f), the transformed data points of Venus Head model still converge
along the axis of the first principal component. Fig. 11 (f) indicated that our result is better than that of Lin et al.’s method [1] (shown in Fig. 12 (f)). Moreover, as to the comparison with [1], our proposed approach is now able to “systematically” determine the
“territory” of the main body of an object. However, the method proposed in [1] cannot do
the same.

(a) Dinopet.

(d) Cactus.

(b) Horse.

(e) Palm.

(c) Big cat.

(f) Venus head.

Fig. 11. Decomposition results of our approach.

(a) Dinopet.
(b) Horse.
(c) Big cat.
Fig. 12. Decomposition results of Lin et al.’s approach [1].
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(d) Cactus.
(e) Palm.
(f) Venus head.
Fig. 12. (Cont’d) Decomposition results of Lin et al.’s approach [1].

Strength of the proposed method is that it requires only few parameters and the parameters are all the same for the models shown in the experiments. However, choosing
inappropriate weighting factor λ for the composite 4-D feature vector X may affect the
decomposition result. Particularly, the first principal component is the most important
feature because it reflects the salient characteristics of the parts. Table 2 lists the cumulative percentages of the degree of representation in the first three principal components on
the Dinopet model with different factor λ. From the table, we observe that the projection
on the first principal axis is only 44.9424% of the original data when λ is equal to 1, and
the decomposition result was failed as shown in Fig. 13 (a).
Table 2. The cumulative percentages of the degree of representation in the first three
principal components on the Dinopet Model with different factor λ.
Mesh Object

λ

Component 1

Component 1 +
Component 2

Dinopet
Dinopet
Dinopet
Dinopet

1
1/2
1/3
1/4

44.9424%
57.5293%
74.9708%
84.1252%

70.4799%
82.7140%
89.8334%
93.5540%

Component 1 +
Component 1 +
Component 3
93.2395%
95.8670%
97.5543%
98.4462%

(b) λ = 1/2.
(c) λ = 1/3.
(d) λ = 1/4.
(a) λ = 1.
Fig. 13. Decomposition results of Dinopet model with different λ.
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4. CONCLUSION
We have proposed a novel mesh decomposition technique based on PCA transformation and Boolean operations. First, we combine the 3-D coordinates and the protrusion
degrees of the dual vertices of a 3-D mesh object to form a set of 4-D feature vectors. A
hybrid 4-D feature vector comprises the absolute position of a dual vertex in the world
coordinate and the protrusion degree of the vertex, which indicates the normalized distance between the dual vertex and the object’s center point. Next, we perform PCA on
the set of 4-D feature vectors derived from the 3-D mesh-based object. After PCA transformation, we take the top three principal components as the three axes of a new coordinate system and observe the set of transformed feature vectors in the new coordinate
system. Surprisingly, we find that the projected data along the first axis reveals the salient structures of the 3-D object. Therefore, using the first component axis as the search
basis, we can identify all the salient components of an arbitrary 3-D object. We then apply some Boolean operations to precisely separate the salient components of the 3-D object from its main body. The main contribution of this work is that our proposed approach is able to “systematically” determine the “territory” of the main body of an object.
In other words, the proposed approach can be “completely” automatic for 3-D mesh decomposition.
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