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Abstract  Shape is an advanced visual feature of image because it can be used to represent the
structure and attitude of the object. These characteristics are not available in object color and texture.
Based on these advantages these advantages, shape is widely considered for object recognition.
Shape recognition is a fundamental problem in compute vision community and is becoming more
practical and getting more attention, it could be used in various areas, such as object recognition,
image retrieval, target tracking and image registration. At present, Most of the existing approaches
mainly focus on designing low level shape descriptors. Shape recognition is usually considered as
a classification problem. Given a set of training shapes and category label of each training shape,
shape recognition method needs to determine which category a testing shape belongs to. These
traditional approaches have similar classification processes as most of them are based on matching
shape descriptors of two different shapes. Thus shape descriptor is a key point in recognition
task. For these approaches, they have similar processes to extract shape descriptors, First, the
critical points of the shapes are extracted and then the relevance of contour points is computed, in
general, the relevance would be regarded as features of these points. Finally, shape features are
represented as the features of each point. After getting the shape descriptors, The correspondences
between query shape and training shapes are crucial for matching algorithms. Matching strategies,

such as Hungarian algorithm, dynamic programming algorithm, are widely used in feature matching.
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Training shapes based on the matching costs are classified, and the testing shape are matched by
the nearest neighbor (NN) classifier. The methods of recognizing shapes without deformations
such as scaling, rotation, affine, projective, can achieve high recognition accuracy. However, in
our daily life, there are few shapes without deformations. Due to these deformations, the standard
recognition process mentioned earlier cannot work as better as we expected. When two shapes are
deformed. the critical points of two shapes are different from each other, thus it is difficult to
compute the correspondences of the sampling points. Another important reason is that the low-level
shape descriptors are point based and the sampling points do not have high level shape information.
In order to overcome the shortcomings of the basic shape descriptors, we focus on mid-level shape
descriptors and propose a new curvature classification based shape coding method. First, we
introduce a new projective invariant and use it to describe the features of sampling points. The
projective invariant makes the shape descriptor robust to various deformations. Then, basic shape
descriptors are clustered and coded based on contour fragments. Finally, contour fragments are
graded by curvature and the final codes are extracted by max-pooling strategy. The proposed
method are tested on several public shape sets, and the results show that our method can recognize
projective shape with accuracy up to 98%. Compared with basic shape descriptor, our method

increases the accuracy about 10% with some unique advantages. The experiments results shows
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that our method is more powerful in recognizing shape with projective deformations.
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A new shape feature extraction and recognition method is
proposed in this paper. Feature extraction and object
recognition is a fundamental problem in computer vision. Cur-
rently, most of the existing works about this problem are focu-
sing on basic shape descriptor. The relevance between sample
points are usually used as descriptors, such as angle, distance
and so on. These methods are easy for computing, but can not
keep robustness under affine and projective transformations.
There are also some works that introduce invariant to shape
descriptor. Our previous works [7] and [ 6] also provide some
projective invariant descriptors. But these methods still need to
align points before matching. When doing alignment, we al-
ways use Dynamic Time Warping Algorithm. In this way,
matching process needs a lot of time but have low accuracy.

In this paper, we use coding-based method to resolve
in alignment of basic shape

problems occurred process

descriptor. At the same time, we introduce a projective
invariant descriptor to our method, and then take the influence
of contour curvature into consideration, remove redundancy
of coding, improve representativeness of code, finally achieve

high accuracy in shape recognition.
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Fund. At present, most of the existing works describe a
shape in a low level in geometry way. The progress made in
this project is a meaningful research in field of 3D/2D shape
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Most of researches in this filed are only use 2D or 3D
shape descriptors to solve the problem on each side. How to
use 3D constraint to analyze 2D shape is an important part of
our project. And our team has make some progress about
this problem.

The main contribution of this paper is forming a new
shape descriptor in middle/high level, so that we can obtain a
more discriminative shape descriptor and achieve a high

accuracy in recognition. The progress made in this paper is a

solution to some problems in our project.





