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Abstract

There are many mismatches in traditional feature point matching, and the efficiency is not high. Aiming at

mismatching, this paper proposed a method of screening based on binary mutual information. According to the mutual

information of feature points,the matching of feature points is judged correctly. In addition, the feature points extracted

by ORB algorithm are distributed in the region of color change, which is more centralized. The transformation matrix

obtained by RANSAC algorithm is only applicable to the region of feature points distribution, which makes the stitching

result error. In order to solve this problem,this paper used the improved RANASC algorithm to screen out the interior

points firstly,and then used the interior points to get the new feature points. In this way,feature points can be disper-

sed,and the iterative method is used to get the best transformation matrix. The results show that when binary mutual

information is used to screen feature points, it improves the accuracy of matching and increases the number of feature

points matching. The improved RANSAC algorithm can effectively solve the problem of few and more concentrated fea-

ture points and make the result of image mosaic more accurate.
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