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ORB removal mis-matching method based on Mask R-CNN
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Abstract: This paper presents an elimination image ORB mis-matching method based on Mask R-CNN
in order to improve the accuracy of multi-target image matching ORB. First of all, the algorithm iden-
tifies the image by faster R-CNN method, and it uses Region Proposal Network to obtain the interest
area and category labels which are marked by rectangular box. We can get the forecast category and
coordinate information of the interest area by this step. And then we correct the pixel level by the con-
volution layer of the Fully Convolutional Networks, and get the category of target belonging to the
pixel level and segment target. Finally, the mis-matching points outside the same target segmentation
area are eliminated in the two images on the basis of the original ORB matching. At the same time,
some simulation experiments which use the traditional ORB matching method and the ORB matching
based on this paper is carried out to verify the effectiveness of this method. The results show that the

algorithm is much more accurate than that of the traditional ORB matching algorithm. The improved
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algorithm makes the matching accuracy in the multi-target environment be increased by 18.6%.

Key words: ORB matching; Mask R-CNN algorithm; Mis-matching
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Fig.2 Removal of mis-matching algorithm
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