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Research on image feature extraction method based on improved BRISK algorithm
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Shanghai 200093, China)

[ Abstract] With the mobile robot visual navigation as the application background, numerous studies show that, while the image
scale continues to increase, the false matches of BRISK algorithm increase sharply. If the BRISK algorithm is used as the feature
matching algorithm for visual odometers, it is impossible to provide accurate position information for the visual SLAM backend. In
view of this problem, this paper proposes an improved BRISK algorithm. In the improved algorithm, the scale space pyramid refines
the scale interval between adjacent images by constructing the u; layer, and assigns the main direction to the key points by using the
gray scale centroid method. It replaces the original algorithm to calculate the local gradient using long—distance sampling points to
accelerate the algorithm. The experimental results show that the proposed algorithm exhibits better robustness in scale invariance with
a slight increase in time consumption, and the accuracy of feature point matching is greatly improved.
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