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Abstract—Shape matching is a very critical problem in com-
puter vision, and many smart features have been designed in
recent literature for improving the similarity measure between
pairs of shapes, and most of them consider either distribution
of the sample contour points, or convexity/concavity property
of the contour. In this paper, we design a novel shape feature
to capture the Co-Occurrence Pattern (COP) of the points
sampled from any given shape contour, and each pattern is
described by Self-Similarity which investigates the spatial co-
occurrence relation among all the sample points. We test our
feature on three famous shape databases: MPEG-7 CE-Shape-
1 part B, Tari1000, and Kimia99 data set for shape matching
and retrieval. The experimental results show that the proposed
descriptor achieves higher computational efficiency with no
significant performance loss.

Keywords-Shape matching; Co-occurrence Pattern; Self-
Similarity; Dimension reduction.

I. INTRODUCTION

Shape matching is a very important issue and challenging

task in computer vision. It requires the shape descriptor is

powerful enough to represent original shape and discrimi-

native enough to distinguish two shapes form different cate-

gories. A good shape descriptor can not only fight against the

geometric transformation such as rotation, translation and

scale variance, but also handle intra-class variance for two

shapes in the same category with articulation and deforma-

tion. Although many smart features [3], [4], [1], [14], [2]

have been proposed for shape matching and retrieval, how

to design an effective and representative shape descriptor

remains unsolved.

In this paper, we present a novel shape descriptor, called

Co-Occurrence Pattern (COP), to facilitate the computa-

tional efficiency and improve the matching performance. In

Fig. 1(a), we illustrate two shapes (cup and star) represented

by sample points and (b) show the COP descriptor for

points xu, xv , yu and yv , respectively. More specifically, the

original shape is described by a serious of sample points with

equal distance on shape contour and each sample point is

described by shape context [1]. To further characterize the

shape contour, we use the Self-Similarity (SS) [21], [19],

[15], [22] to measure the co-concurrence distance between

arbitrary pair of sample points. Then we divide all shape

contour into several contours segments and the COP of each

sample point is described by SS between this sample point
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Figure 1. Examples of Point Co-Occurrence Pattern and Self-Similarity
descriptor.

and these segments. Finally, we use the dynamic program-

ming (DP) [2] algorithm to perform matching between two

shapes.

The remainder of this paper is organized as follows.

Immediately below, we compare our feature and some

current shape descriptors in the literature. Section II entails

the computational process to obtain the COP and presents

the matching algorithm based on COP. Section III gives the

qualitative and quantitative experimental results by applying

COP in shape matching and the whole paper concludes with

a summary in Section IV.

A. Literature Review

Many features have been designed for shape matching and

they are largely divided into three categories. The first cate-

gory uses the spatial distribution to encode local information

of shape contour. The typical approach is shape context [1],

which utilizes the geometric relationship between contour

sample points. The feature [2] proposed by H. Ling, called

inner distance shape context, extends the shape context

to further explore the length of the shortest path between

landmark points within the shape silhouette.

The second category of shape descriptors investigates the

characteristic of contour convexity/concavity [4], [13], [14].

In [4], the author presents a triangle area measurement to de-

scribe each point using the signed areas of triangles formed
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Figure 2. (a) Original binary shapes, (b) shape contours with sample points, (c) shape context descriptors, (d) COP.

by boundary points at different scales. This representation

is effective in capturing both local and global shape charac-

teristics. Shapes can also be decomposed into perceptually

meaningful parts by digital curve evolution (DCE) [13], and

the matching is performed based on these parts. Another

feature to combine local and global information is to us

hierarchy structure [14].

The final category mainly focuses on the topology in-

formation for given object shape. One effective feature to

describe shape topology is the skeleton abstracted from

original binary shape. In [8], the shape contour is represented

by a serious of skeleton branches, then each point in the

skeleton branches is encoded by the radius of minimum

inscribed circle. The skeleton is unaffected by geometric

transformation and is able to effectively handle the intra-

class variance, such as articulation and deformation.

Despite their success, these methods only represent object

shapes through the local and global information by different

aspects of shape characteristics. When the object has large

variations or exhibits large inter-class similarities, they are

inefficient in expressing shape information. In addition,

the high dimension of these features results in expensive

computational cost in matching process. Compared with

these features mentioned above, our COP descriptor has the

following characteristics:

(1) The COP is the extension of local and global feature

to capture shape information. COP computes the co-

occurrence distance between two sample points which

effectively investigate the local information of origi-

nal shapes. By calculating distance among all sample

points, the COP is representative for describing global

shape. Thus COP can be considered as some kind of

“meta descriptor” for shapes.

(2) The COP is more powerful and discriminative to rep-

resent shapes. It measures the similarity or dissimilar-

ity between two sample points, which is invariant to

geometric transformation and intra-class deformation.

Moreover, COP is able to inherit the properties of

primary descriptors for sample points. For example,

if we adopt the primary descriptor as shape context,

the COP automatically obtain the properties of shape

context.

(3) Using the SS to compute COP is efficiently to reduce

the feature dimension which results in the release of

computational burden for shape matching.

II. SHAPE MATCHING WITH POINT CO-OCCURRENCE

PATTERN

In this section, we first elaborately introduce how to

compute the COP feature and then present the matching

algorithm based on abstracted COP.

A. Point Co-Occurrence Pattern

Following many recent shape description methods, we

treat the object (the shape contour) as a finite point set.

As shown in Fig. 2(b), given a binary shape S and its

corresponding shape contour C, we uniformly sample N
points, denoted as {pi ⊂ C, i = 1, ..., N}. For the sampled

point pu, the Shape Context descriptor is defined as:

hpu = #{q �= pu : (q − pu) ∈ bin(k)} (1)

where q is the remaining N − 1 points in C and k denotes

the kth bin number of a log-polar histogram hpu
. In Fig.

2(c), we exhibit two shape context features for pu and pv
abstracted from two shapes of flower, indexed by orientation

θ and distance logR.

With the shape context feature hpu
in hand, we define

COP for point pu using Self-Similarity, which measures
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the similarity between pu and the remaining sample points.

Since hpu
encodes the statistic location information of

sample points with respect to pu, χ2 distance is adopted to

measure the difference among two histogram distributions:

su,u′ ≡ s(pu, pu′) =
1

2

K∑
k=1

[hu(k)− hu′(k)]2

hu(k) + hu′(k)
(2)

where su,u′ denotes the self-similarity value for sample

points pu and p′u. We collect all self-similarity distance from

N sampled points and the feature for pu is an N dimensional

vector.

Su = (su,1, su,2, ..., su,n−1, su,N )T . (3)

Accroding to Eqn(3), the increase of sample point number

N will result in the heavy computational cost, which may

make the matching intractable. The intuitive idea to handle

this problem is to perform dimension reduction such as

PCA [23]. However, directly using the PCA will reduce the

descriptive ability to original shape. In order to effectively

maintain the contour information, we adopt a local-global

transformation to perform dimension reduction. We separate

the original shape into M fragments and each fragment

contains K = N
M sample points. Correspondingly, Su is

also split into M components and the self-similarity value

of the kth point in the mth component is denoted by smu,k,

then the final COP feature for the sample point pu is

Ru = (d1u, d
2
u, ..., d

M
u )T . (4)

where dmu = 1
K

∑K
k=1 s

m
u,k. In Fig. 2(d), we illustrated the

final feature after dimension reduction and we observe that

although pu and pv come from two different shapes, they

have very similar COP feature since they belongs to the

same category.

Based on Eqn(3) and Eqn(4), each shape can be repre-

sented by a COP matrix, denoted as RM×N , where each

column Ru (u = 1, ..., N ) is the COP feature calculated for

the uth sample point. To achieve balance contribution, the

elements in each row are divided by the maximum value of

this row:

rm,n =
rm,n

maxn=1,...,N{rm,n} . (5)

In the next subsection, we introduce the matching algo-

rithm by given the COP matrices of two shapes.

B. Shape Matching using Dynamic Programming

The problem of shape matching can be transferred into the

task of sequence alignment by matching the sample points

based on shape descriptors. When solving the sequence

alignment problem, we use the Dynamic Programming (D-

P) [3], [4], [2] method.

Consider sample point p and q from two different shapes.

We naturally define the matching cost of such two points

using the feature distance between the COP descriptors,

denoted as C(p, q). In our method, the L1 norm is used

to measure the COP descriptor. Then the matching cost of

p and q is:

C(p, q) =
M∑

m=1

ωm|rp,m − rq,m|, (6)

where ωm is the weight coefficient for every component of

the COP feature. The bigger C(p, q) is, the less similar p
and q are.

To satisfy both of the requirements of point correspon-

dence and misalignment punishment, the partial optimal

alignment score is evaluated by the following formula when

filling the score matrix:

D(p, q) = C(p, q) +min

⎧⎪⎨
⎪⎩

Dp(p− 1, q) + λ

Dp(p− 1, q − 1)

Dp(p, q − 1) + λ

(7)

where D(p, q) is the total distance between the two sub-

sequences with end points p and q that come from t-

wo different shapes; Dp(p − 1, q), Dp(p − 1, q − 1) and

Dp(p, q − 1) denote the total distances for the left, up-left

and up predecessors in the score matrix respectively, and λ
is the penalty factor to punish misalignments.

The overall shape similarity is affected and determined

not only by the feature distances between corresponding

points but also by the situations of point alignments. The

corresponding matching result is a tradeoff between simi-

lar point correspondence and good point alignments. The

penalty factor λ influences the importance or weights of the

two factors when calculating shape similarity, thus should

be adjusted to a proper value.

Since the starting points for both shape contours are in fact

unknown, it is necessary to investigate all possible starting

points. This means that DP algorithm must be repeated N
times. The whole shape matching algorithm using COP is

shown in Algorithm 1.

III. EXPERIMENTS

This section gives the experimental results using our

method. We test the effect of the proposed method with

three widely used shape databases, i.e., MPEG-7 data set

[16], Tari1000 data set [5] and Kimia’s 99 data set [6].

A. MPEG-7 Shape Database

The database of MPEG-7 CE-Shape-1 part B [16] is very

famous in shape matching and classification. This database

consists of 1400 binary images from 70 shape categories,

i.e., 20 images per category. This data set is difficult since

there are some large intra-class variances. Examples of this
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Algorithm 1: Shape Matching Algorithm Based on Co-

Occurrence Pattern(COP)

Input: A pair of binary shapes S1, S2

Output: Shape distance between S1 and S2

1 Extract shape contour C1 and C2 for S1 and S2, and

uniformly sample C1 and C2 with N points

respectively, for S1 : {pi ⊂ C1, i = 1, ..., N}, for

S2 : {qj ⊂ C2, j = 1, ..., N}.
2 Calculate shape context descriptor for pi(i = 1, ..., N)

and qj(j = 1, ..., N) respectively based on Eqn(1).

3 Calculate self-similarity descriptor for pi(i = 1, ..., N)
and qj(j = 1, ..., N) respectively based on Eqn(2).

4 Reduce feature dimension for pi(i = 1, ..., N) and

qj(j = 1, ..., N) respectively based on Eqn(4).

5 Calculate matching cost between pi(i = 1, ..., n) and

qj(j = 1, ..., N) based on Eqn(6).

6 Matching pi(i = 1...N) and qj(j = 1, ..., N) based on

Eqn(7).

data set are given in Figure 3. Following the common

performance measurement “bulls-eye test” [3][2][4][1], we

treat every image in this database as a query, and count

the number of correct images in the top 40 matches. For

MPEG-7, the values of the parameters are set as k = 5 and

λ = 0.0.

Figure 3. Example shapes in MPEG-7 CE-Shape-1 part B database.

Table I presents the retrieval rates of our method and some

classical descriptors, along with their feature dimensions. We

see that our method achieves a considerable retrieval rate

(only lower than Triangle Area [4]) with smaller dimension.

The dimensions of Shape Context and Inner-Distance Shape

Context is 60 and 96, referring to 12 angle bins and 5 or 8

distance bins, respectively.

Table I
RETRIEVAL RATES (BULLSEYE) OF DIFFERENT METHODS FOR THE

MPEG-7 CE-SHAPE-1 PART B ALONG WITH THE DIMENSIONS OF THE

SHAPE FEATURES

Algorithm Score Dimention
SC+SS+DP(Ours) 86.80% 20

TAR [4] 87.13% 63
SC+DP [17] 86.80% 96

IDSC+DP [2] 85.40% 96
Generative Models [18] 80.03% -

SC+TPS [1] 76.51% 60

A more careful comparison between our method and

Shape Context is given by Figure 4, which shows the

retrieval rates of the two methods for every category in

MPEG-7 data set. The shape matching algorithm for the

two methods are both DP.

B. Tari1000 Database

Figure 5. Example Shapes in Tari1000 database.

Tari1000 [5] is also a large database for binary images.

It consists of 1000 binary images from 50 shape categories,

i.e., 20 images per category (the same as MPEG-7). Some of

these categories are also included in the MPEG-7 database,

such as brick, cattle, cellular, phone,face, flatfish, fountain,

key,ray, teddy, watch and so on. Figure 5 gives some exam-

ples for this data set. When testing the retrieval performance,

we follow two rules, one is the “bulls-eye test”, and the other

is precision-recall curve. For this data set, the values of the

parameters are set as k = 4 and λ = 0.0.

When following the “bulls-eye test”, the score of our

method is 92.18%, comparable with the result of Shape Con-

text, which is 94.18% [17]. Figure 6 shows the Precision-

Recall curves of our method along with other methods.

Our method is slightly weaker than Shape Context, but

significantly outperforms the methods in [5].
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Figure 6. Precision/Recall curves on Tari1000 database

C. Kimia’s 99 Database

The Kimia’s 99 shape data set is also very famous in

shape matching and recognition. This data set [6] includes

ninety nine binary images from nine categories (see in Fig.

7). The retrieval result is summarized by counting the correct

number of top 1 to top 10 nearest matches. The best possible
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Figure 4. Comparison of our method and Shape Context in MPEG-7 CE-Shape-1 part B database.

Table II
RETRIEVAL RESULTS ON KIMIA’S 99 DATA SET [6]

Algorithm 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th dimension
SC+TPS [1] 97 91 88 85 84 77 75 66 56 37 96

Gen. Model [18] 99 97 99 98 96 96 94 83 75 48 -
IDSC+DP [2] 99 99 99 98 98 97 97 98 94 79 96

Triangle Area [4] 99 99 99 98 98 97 98 95 93 80 63
SC+SS+DP 99 99 99 98 95 94 94 96 77 59 20

Figure 7. Example Shapes in Kimia’s 99 database.

result for each of them is 99. For this data set, the values

of the parameters are set as k = 5 and λ = 0.0.

Table II gives the results of our method and some re-

cent descriptors. Our method outperforms Shape Context

and Generative Model, and is comparable with IDSC and

Triangle Area except for the last two numbers.

IV. CONCLUSION

Most of recent shape descriptors focused on the properties

of intrinsic curve or sample points. In this paper, a novel

shape feature to capture the Co-Occurrence Pattern (COP) of

the sample points is proposed, and each pattern is described

by the Self-Similarity descriptor. As one kind of “meta

descriptor” for shape matching, the proposed COP feature

inherits all good properties from the original descriptor, and

it is more robust to fight against local shape deformations.

In addition to its discriminative power, the given descriptor

is also preferable for shape matching and retrieval task for

large databases due to its small feature dimension. Retrieval

experiments on some benchmarks such as MPEG-7, Tar-

i1000, and Kimia’s 99 data sets show that even with a much

lower dimension, the new feature is still quite informative

for shape matching and retrieval.
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