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ABSTRACT

In this paper, to represent 2-D shape as a relational struc-
ture, ¢.e. graph, we propose a new shape decomposition
scheme composed of two stages: First, a given shape is de-
composed into meaningful parts by using the constrained
morphological decomposition (CMD) in a recursive man-
ner. More specifically, the CMD adopts the use of the open-
ing operation with the ball-shaped structuring element and
the weighted convexity to select the optimal decomposition.
Second, the iterative merging stage provides a compact graph-
based representation based on the weighted convexity dif-
ference. From the experimental results for various and mod-
ified 2-D shapes, it is believed that the graph-based repre-
sentation for 2-D shape coincides with that based on human
insight, and also provides robustness to scaling, rotation,
noise, shape deformation and occlusion.

1. INTRODUCTION

Recently, it is of an important issue to develop part-based
representations for 2-D shape, which decomposes a given
shape into canonically meaningful parts, since this allows a
relational structure, ¢.e. graph, to be generated directly for
further shape-related applications such as those involving
content-based retrieval, object recognition, and so on. So
far, various part-based representations, which can be con-
verted into graphs, have been developed, and they are cat-
egorized into morphology-based [1] and partition-based [2,
3] decomposition. The morphology-based decomposition
includes a well-developed mathematical structure, based on
simple and intuitive interpretations using geometric terms
of the shape, size and location [1]. However, it is sensi-
tive to scaling, rotation and noise since most structuring el-
ements (SE’s) cannot approximate well their target shapes
in a continuous domain. The partition-based decomposition
implies that a given shape is divided into proper connected
components by connecting points on the shape’s boundary,
thus this system provides a simple and efficient means of
creating an intuitive description. Moreover, it is invariant to
scaling and rotation as well as being robust to noise. How-
ever, it involves heavy computational complexity due to the
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need to compute each part in reaction-diffusion space [2],
or requires a means of specifying the number of parts to be
decomposed [3].

In this paper, a new shape decomposition scheme for 2-
D shape is proposed in order to provide a graph-based rep-
resentation. The proposed scheme stands on two psycho-
logical rationales: One is that a human being recognizes an
object by its part structure [4], and the other is that the parts
are generally defined as being either convex or nearly con-
vex shapes [2, 3]. To convert these rationales into a practical
application, the proposed scheme combines the advantages
of the morphology-based decomposition such as simple and
intuitive operations with those of the partition-based decom-
position such as the perceptually valid measure, convex-
ity [3]. Actually, the proposed scheme recursively performs
the constrained morphological decomposition (CMD) based
on the opening operation with the ball-shaped SE’s and the
weighted convexity. Note that the parts to be decomposed
are rendered convex or nearly convex by using the ball-
shaped SE since it is convex itself and rotation-invariant.
Then a merging criterion employing the weighted convex-
ity difference, which determines whether adjacent parts are
to be merged or not, is adopted in order to provide a com-
pact representation. These procedures are summarized as
two stages, i.e, the recursive decomposition stage (RDS)
and the iterative merging stage (IMS).

This paper is organized as follows: In Section 2, we
describe the CMD first, and then the shape decomposition
scheme composed of RDS and IMS in Section 3. Section 4
presents experimental results for various and modified 2-D
shapes. Finally, Section 5 concludes this paper.

2. CONSTRAINED MORPHOLOGICAL
DECOMPOSITION

In this section, we present the notion of CMD composed of
two steps: The first step consists of generating candidates
for the next step using the opening operation as the size of
the ball-shaped SE varies. The second step is to select the
best candidate in the form of the output of the CMD using
the weighted convexity.

3081



2.1. Generating parts using the opening operation

The ball-shaped SE, S(k), is
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where u and o refer to a point and the central point of the bi-
nary image, in which “1” represents the boundary and inte-
rior while “0” represents the exterior, respectively, and || - || 2
refers to the Euclidean distance. Note that the natural num-
ber, k, represents the radius of the ball-shaped SE.

Let us assume that M is a binary image which describes
a 2-D shape, and M o S(k) and M — M o S(k) are de-
rived from the opening operation with S(k). Fig. 1(a), (b),
and (c) show a rabbit in the form of a 120 x 120 binary
image, M o S(12), and M — M o S(12), respectively. Af-
ter the opening operation with S(k), the connected compo-
nents in 4-neighborhoods are extracted from M o S(k) and
M — M o S(k). Then the set of binary images, Py (k) =
{M;(k)|i = 1,---, I} is composed, where M;(k), called
a part, refers to a binary image and I is the number of
binary images. In this context, the set of parts extracted
from M o S(k) and that extracted from M — M o S(k) are
called the body class and branch class, respectively. Note
that Ufi 1M, (k) is equal to M, and any pair of binary im-
ages in Py (k) is disjoint. Fig. 1(d) shows Ppnp(12) after
extracting the connected components.

Apparently, there exist negligible parts in the branch
class, enclosed by a circle in Fig. 1(d), which should be ab-
sorbed for the sake of compactness. In this paper, we adopt
a simple measure, i.e. the notion of the part’s height with a
certain threshold, to determine whether a part in the branch
class is to be merged or not. Note that any proper mea-
sure, such as the area ratio between adjacent parts, can be
used instead of our measure. Fig. 1(e) shows Ppg(12) after
absorbing negligible parts. In this context, the boundary be-
tween the parts in Fig. 1(e) is not straight due to the opening
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Fig. 1. The example of generating parts using the opening
operation with S(12).

operation with the ball-shaped SE. Sometimes, this yields
unexpectedly peculiar parts when the recursive decomposi-
tion stage described in Section 3 is performed. Therefore,
we adopt an additional procedure to flatten the boundary be-
tween the parts, i.e. flattening procedure: When there exist
two adjacent parts, M;, (k) in the branch class and M, (k)
in the body class, a convex hull can be generated for the el-
ements of M;, (k) adjacent to those of M;, (k). Then the
flattening procedure implies that M, (k) absorbs the ele-
ments of M, (k), which are included in the convex hull.
Fig. 1(f) shows P (12) after the flattening procedure.

2.2. Automatic selection using weighted convexity

Note that the generation of the parts for a given shape is
performed for all possible k’s, k = 1,--- , K, where K + 1
is the radius of the ball-shaped SE when the body class be-
comes the empty set. In this context, Py (k), k=1, K,
are candidates for the output of the CMD. Now, it is neces-
sary to define a measure for choosing the best candidate. In
this paper, the weighted convexity for Py (k), Cp (PMm(k)),
is introduced as a decision measure, given by

Iy )
Ca(Pu®) = 3 Sgarleonm), @

where N(-) and C(+) refer to the number of pixels represent-
ing 2-D shape and the convexity [3], respectively. Note that
the convexity is in the interval (0, 1]. Then the output of the
CMD for M, P, is Pm (Kmax ), Wwhere

Cuw (Pm(k)). 3)

kmar = arg  max
ke{l,-- K}

In other words, P yields the maximum weighted convexity
among the candidates. Finally, Py = {M;|i = 1,--- , I}
where M refers to a part and [ is the number of parts. Fig. 2
shows the excerpts of the candidates for Py of the rabbit. In
this case, Pni(12) of Fig. 2(c) becomes Py since it yields
the maximum weighted convexity, 0.939.
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Fig. 2. The excerpts of the candidates for Py and its
weighted convexity, C,, (Pm(k)): (a) Cy(M) = 0.750, (b)
Cw (Pm(6)) = 0.836, (¢) Cyp (PMm(12)) = 0.939, and (d)
Cyw (PMm(26)) = 0.822.
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3. SHAPE DECOMPOSITION SCHEME

First, the proposed scheme performs once the CMD for a
given shape, M, which provides Pyz. Although Py is usu-
ally adequate for an intuitive description, it generally re-
quires some refinements, which depends on the complex-
ity of the input shape. For example, Fig. 3(a) shows Py
for the rabbit, and in this case it would be better if Mg,
which contains two ears, were to be split. Therefore, in this
paper, the CMD will be performed recursively in order to
provide a more intuitive description. Actually, the recur-
sive CMD would be terminated when no more parts can be
split. However, if this were the case, it is likely that too
many meaningless parts would be generated from the CMD
in the branch class since this class generally represents mi-
nor details. Therefore, the split criterion is introduced, es-
pecially for the branch class, to determine whether a part in
the branch class is to be split or not.

For the additional decomposition of a part in the branch
class to be meaningful, it must be empirically observed that
the CMD of that part yields at least two parts, each of which
has only one adjacent part. Let us refer to this observa-
tion as the split criterion. When a part in the branch class
satisfies the split criterion, it is split. In order to provide
a more intuitive description, the recursive CMD with the
split criterion will be performed until no more parts can be
split. Let us refer to this as the recursive decomposition
stage (RDS) and denote the output of the RDS for M as
I } where M, refers to a part and [
is the number of parts F1g 3(a) shows Py for the rabbit,
consisting of one part in the body class, M1, and five parts
in the branch class, Ms_g. Fig. 3(b) is the result obtained
after performing the CMD once for each part in Fig. 3(a),
where M;_3 and M3 are split, and My and Mg are not.
Here, M belongs to the body class, and M3 is satisfied
with split criterion but My and M35 are not. Therefore, as
shown in Fig. 3(c), M; and M3 are split, and My and M5
are not. In this way, the RDS proceeds until there is no part
to be split. In the case of the rabbit, Fig. 3(c) refers to the
final result of the RDS, 75M.

From the point of view of compactness, it can be ob-
served that there are over-decomposed parts, enclosed by
a circle in Fig. 3(c) since the RDS performs the recursive
CMD in a greedy manner. Therefore, a final merging pro-
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Fig. 3. An example of the RDS and the IMS for the rabbit.

cedure is required after the RDS. In this paper, the weighted
convexity difference (WCD) and the merging criterion are
introduced as decision measures for the merging procedure
and for evaluating the suitability of the merging parts, re-
spectively. In this context, the WCD refers to the difference
of the weighted convexity during the merging of the parts.

Assume that PM, the output of the RDS for M, has I
parts (Mz, i=1,---, I ). Then the WCD is defined for two
adjacent parts, Mil and M,»z in 751\/[, as follows:

D(M;;, M;) = Cy ({M;,, My, }) — C(M;, UML) (4)

Note that the WCD is the difference between the weighted
convexity of the two parts, 1\7[1-1 and 1\7[1-2, and that of the
merged part, 1\A/Ii1 U 1\7Ii2. Then the merging criterion asso-
ciated with the WCD is

t
D(M,,, M,,) < min (tL, Jf’) , (5)
where f = %&W, and t7, and tg refer to thresh-

olds for the WCD and the WCD multiplied by f, respec-
tively. Especially, ¢ implies the allowable convexity re-
duction when the two adjacent parts are merged by consid-
ering the weighted convexity of all parts in a given shape.
Finally, the merging procedure is performed iteratively until
no more adjacent parts are satisfied with (5). In this context,
it is applied to two adjacent parts, M“ and MZQ, of which
fD(M;,,M,,) is the minimum value of this function for
all adjacent parts. Let us refer to it as the iterative merg-
ing stage (IMS), and denote the output of the IMS for M as
Pam = {M;]i = 1,--- , I} where M; refers to a part and T
is the number of parts. Note that the IMS controls the trade-
off, i.e. whether Py is to be the compact representation
or that required to obtain the maximum weighted convexity.
Fig. 3(d) shows the results of the IMS, 75M, with ¢t7, = 0.03
and t¢ = 0.005 for the rabbit, where ¢, and tg are deter-
mined experimentally. More specifically, the nine parts in
Fig. 3(c), where Cw(ﬁM) = 0.971, become eight parts in
Fig. 3(d), where C,, (751\/[) = 0.970, with a reduction of the
weighted convexity by 0.001.

4. EXPERIMENTAL RESULTS

In this section, we present experimental results for various
and modified 2-D shapes in order to examine the qualitative
performance of the proposed scheme. Although the CMD
is performed recursively, the proposed scheme can yield the
decomposition result in a few iterations by virtue of the split
criterion. In addition, it is worthy to note that the proposed
scheme worked well in all of the experiments although the
thresholds for the merging criterion were always settotg =
0.005 and t;, = 0.03.

To perform the subjective evaluation of the proposed
scheme, we applied the proposed scheme to the 2-D shapes
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given in [1] and [2]. Fig. 4 shows the decomposition results
for four 2-D shapes, provided in the form of 40 x 40 binary
images. Note that the proposed scheme yielded reasonable
decomposition results similar to those of [1]. Especially, the
number of parts is significantly reduced by virtue of the IMS
using the merging criterion compared with [1]. On the other
hand, Fig. 4(b) has two redundant parts in the upper region
of the truck. Actually, the ability of the proposed scheme
to extract the exact polygon-shaped part is somewhat un-
satisfactory due to the characteristics of the ball-shaped SE.
Fig. 5 shows the decomposition results for four 2-D shapes,
provided in the form of 120 x 120 binary images. Note
that the decomposition results are observed to be in good
agreement with the perceived parts as shown in [2]. Espe-
cially, the proposed scheme is able to extract the tail part
for Fig. 5(c) and (d) in contrast to [2]. On the other hand,
Fig. 5(a) is somewhat over-decomposed since the proposed
scheme does not consider the concavities in the boundary of
a given shape.

To demonstrate its robustness, we applied the proposed
scheme to the modified rabbits and hands. Fig. 6 shows
the decomposition results for the scaled, rotated, and noise-
corrupted 2-D shapes of the rabbit. In this experiment, the
noise for the 2-D shape, as shown in Fig. 6(d), was gen-
erated as described in [1]. All of the perturbed shapes in
Fig. 6 yielded the same decomposition results as shown in
Fig. 3(d). Fig. 7 shows the decomposition results for the
deformed and occluded 2-D shapes given in [5]. Note that
all of the shapes in Fig. 7 yielded the same or reasonable
decomposition results. From Figs. 6 and 7, it is believed
that the proposed scheme is quite robust not only to scal-
ing, rotation, and noise, but also to shape deformation and
occlusion.

5. CONCLUSION

In this paper, a new decomposition scheme for 2-D shape
was presented. To begin with, the constrained morpholog-
ical decomposition (CMD) method, based on the opening
operation and the weighted convexity, was proposed. The
proposed scheme performs the CMD procedure once for a
given shape, then recursively for each part using the split

criterion. Finally, the use of the merging criterion was adopted

by considering the change of the weighted convexity in the
form of the weighted convexity difference (WCD). From the
experimental results, it was found that the proposed scheme
yields an intuitive description, and provides robustness to
scaling, rotation, noise, shape deformation, and occlusion.
Therefore, the proposed scheme can be expected to gener-
ate perceptual graph-based representations for shape-related
applications such as those involving content-based retrieval
and object recognition.
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Fig. 4. Experimental results for the four 2-D shapes in [1].
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Fig. 5. Experimental results for the four 2-D shapes in [2].
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Fig. 6. Experimental results for the modified rabbits: (a) the
0.5 scaled shape, (b) the 1.5 scaled shape, (c) the 45 degrees
rotated shape, and (d) the 10% noise-corrupted shape.
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Fig. 7. Experimental results for the modified hands in [5].
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