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[ Abstract] Image matching has always been a particularly important part in the field of object recognition and image stitching. To
solve the problem of low matching rate of traditional image matching algorithms, this paper proposes an image feature matching
algorithm (RGMS algorithm ) that incorporates RANSAC and GMS. The algorithm extracts image feature points on the basis of
ORB, then uses the RANSAC algorithm to randomly filter the feature points, and finally uses the GMS algorithm to match the
features of the filtered feature points. Using the TUM public data test set to conduct empirical studies with the traditional Brute—Force
matching, FLANN and GMS algorithms, the experimental results show that the matching algorithm proposed in this paper has better
matching effect. In particular, the image matching rate and matching time of this algorithm are significantly better than those of
traditional matching algorithms for the case of fewer image textures.
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n and w
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Tab. 2 Comparison of four algorithms based on ORB algorithm

for matching feature points on the experiment 1 image set

BF+KNN FIANN GMS RGMS
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R IR 210.2 195.9 275.2 296.5
FHILELR/ % 21.02 19.59 27.52 29.65
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Fig. 2 RGMS algorithm matching effect for experiment 1 images
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Tab. 3 Comparison of the four algorithms based on the ORB
algorithm for matching feature points on the Experiment
2 image set
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