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Classification Algorithm for Texture Image Based on Local Characteristics of N-Fold
Rotation Invariant Feature
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(School of Computer, Wuhan University, Wuhan 430070, China)

Abstract This paper adopted a non-quantifiable local feature to design a robust texture descriptor,so as to enhance the
robustness of the texture classification in the rotation and scale changes. First of all,the concept of local feature with ro-
tational symmetry is introduced. It is found that many rotation invariant local features are rotational symmetric to a cer-
tain degree. Therefore, this paper proposed a novel local feature to describe the rotation invariant properties of the tex-
ture. In order to deal with the change of rotation and scale in texture image, Fisher vector encoding method is used to
manage multiscale analysis for the texture feature, which can combine with the scale information without increasing the
dimension of the local feature. The resulting local features have strong robustness to rotation and gray intensity varia-
tion. Experimental results show that the proposed method outperforms the existing algorithms on many data sets,great-
ly improving the texture classification accuracy.
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Fig. 2 Cyclic displacement process of characteristic vectors
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