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RST-invariant feature extraction method inspired by bionic visual perception

Yu Lingli', Xia Xumei', Zhou Kaijun®, Chen Haichu’

(1. School of Information Science and Engineering, Central South University, Changsha 410083, China;
2. School of Computer and Information Engineering, Hunan University of Commerce, Changsha 410205, China;
3. School of Mechanical & Electrical Engineering, Nanchang University, Nanchang 330031, China)

Abstract : Rotation, scaling and translation (RST) invariant features extraction with bionic vision mechanism is proposed to improve their
recognition accuracy and robustness. Inspired by the biological visual perception, the cortical cells are able to balance the selectivity and
invariance of the image with multiple transformations. Therefore, the proposed method is devided into two stages. In the first stage,
inspired by the horizontal and vertical directions response of biological vision, a novel filter-to-filter orientation edge detector is built that
combines Gabor filters and bipolar filters. The Gabor filters are used as the bottom filter to smooth images, and the edge detector is
constructed by the edge of the horizontal and vertical bipolar filter, to enhance the feature extraction robustness and the edge detection
accuracy. On this basis, response intensity of cortical visual cortex cells are simulated and the spatial frequency of image is measured
according to the different edge direction and distance. Furthermore, spatial frequency interval detector is designed by orientation-interval
image mapping in @ — I coordination, which transforms rotation and scaling of original image into a horizontal or vertical shift. In the second
stage, the orientation and interval detection are performed once again on the output of first stage, which converts the horizontal and vertical
shift into an invariant pixel in orientation-interval map to make the imaoge RST invariance. Experimental results illustrate the effectiveness
of invariant features and recognition ability. Meanwhile, the recognition accuracy and complexity are compared with other invariant feature
extraction methods, which shows the proposed method is superior on robustness to rotation, scaling, translation and noise image.
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Fig.1 RST-invariant feature extraction framework
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Fig.2 Image edge detection on different orientation
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Fig. 10  Feature extraction results with rotation, scale and noise simultaneously
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