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Image matching algorithm based on ORB and K-means clustering
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[ Abstract] Image processing technology plays an important role in computer vision and other fields. However, in the current
binocular vision of the image matching level, However, in the current field of binocular vision image matching level, to achieve
high matching rate and high real-time technology still need to be further explored. Compared with SIFT algorithm, ORB (oriented
FAST and rotated BRIEF) feature point matching algorithm can improve the detection speed, and can detect the target accurately in
real time. In order to improve the accuracy of matching features, this paper proposes an image matching algorithm based on ORB
and K-means (K-means) clustering, which can effectively improve the accuracy of image feature point location and the accuracy
and efficiency of image feature matching, and reduce the time consumption. The experimental results show that the algorithm is more
accurate and has better performance.
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Fig. 1 Comparison of SIFT, ORB and improved algorithm
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Fig. 2 Comparison of SIFT, ORB and improved algorithm
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Tab. 1 Time—consuming comparison of image matching algorithms
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SIFT Bk 4.552 0 11.110 0 60.374 1
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Tab. 2 Comparison of recognition numbers of image matching
algorithms
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