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A New Feature Description Algorithm for Sparse Marked Points
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('School of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics,
Nanjing 210016, China)
Abstract ; A feature description algorithm for sparse marked points is proposed, which is used to solve the matching problem of non-
coding marked points after local deformation. Based on the point feature histogram (PFH) descriptors, the euclidean distance and
angle relationship between the marked point and the neighborhood points is used in this algorithm to implement the unique description
of the current marker point, thus establishing the corresponding relationship between the marker points before and after the
deformation, and determining the change of each point before and after deformation. According to the experimental statistics, the
correction rate of the corresponding relationship approaches to 100%, and the average error after matching by the description is less

than 0.03 mm. Therefore, this algorithm has strong stability.
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