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Image Matching Algorithm Based on SIFT Feature
Extraction and FLANN Search

Wang Jinlong., Zhou Zhifeng
(Shanghai University of Engineering Science, Shanghai 201600, China)

Abstract: The traditional algorithm of image matching exist the problem of high rate false match and little feature information. An image
matching algorithm is presented based on SIFT feature extraction and FLANN. Firstly, the scale invariant feature transformation algorithm
SIFT is applied to the feature point extraction and matching of images. Secondly. the SIFT algorithm is mainly used to find out the extreme
points and stable feature descriptions in the building of the successful scale space. Feature description must have a strong ability to adapt to
scale, illumination and image distortion. Finally, we use the fast and nearest neighbor algorithm FLLANN of high dimensional data to find the
exact matching point in the image. In this paper, we study the widely used feature extraction algorithm of SIFT. The experimental results
are obtained by comparing the characteristics of the algorithm with different illumination, translation and rotation and the result meets certain
requirements.
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