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Point Cloud Denoising on the 3D Model
of Ancient Building

WANG Yan,QU Jinbo,YOU Yingchun
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Abstract; This paper studied k-means clustering algorithm and bilateral filtering denoising algo-
rithm to solved the problem of how to reduce noise points in the modeling of ancient buildings. k-
means clustering algorithm is used to divide k clusters of point cloud data, select the appropriate
cluster,and get the best K value for point cloud denoising, using bilateral filtering algorithm of
point cloud data filtering and denoising, Fandisk point cloud data,bunny point cloud data, the point
cloud data of the old school gate and the king of eight academy in Shenyang Jianzhu university
were selected for the denoising experiment . The selected simulation model and ancient architecture
model have been processed,and the point cloud data model has smooth surface and good boundary
features. The proposed method can effectively remove the noise points and enhance the smoothness
and the fairing of point cloud data model.
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