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An Extraction Algorithm for Sharp Feature Points from Point Clouds
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Abstract: A novel algorithm for extraction of sharp feature points from scattered point cloud is
proposed. The proposed method bases on the concept of mean curvature motion. The weighted
local barycenter is used as an approximation of discrete Laplacian operator. If the distance
between a sample point and its weighted local barycenter is greater than a given threshold, then
the sample point is labeled as a candidate sharp feature point. Then, the normal directions of
these candidate points are estimated using the local PCA method. In order to extract finer sharp
feature points, the estimated normal field is further smoothed via tensor voting frame. The
distance between a point and its weighted local barycenter is projected along the direction of
normal, so that the fault sharp feature points due to uneven sample ratio and point cloud
boundary can be eliminated successfully. Experiments on both real scanner point clouds and
synthesized point clouds show that the proposed method is easy to implement, efficient for both
space and time overhead, and is robust to noise, outlier and uneven sample ratio inherent in point
clouds.
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