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Abstract: Digital elevation model (DEM) is an effective way of describing terrain. Unmanned Aerial Vehicle
(UAV) light detection and ranging (LiDAR) has become a novel and powerful technology to produce DEM.
Point cloud filtering is very important to generate DEM. However, low efficiency, over-segmentation, under-
segmentation, and low precision have been problems in point cloud filtering. In order to improve filter accuracy
and reduce ground point clouds data volume for rapidly establishing high accuracy DEM, this paper puts forward
a filter method by K-means clustering to acquire ground point clouds based on constraint of normalized echo
intensity values. UAV Scout B1-100 was used to carry laser scanner VUX-1 to acquire point clouds with high
density and resolution in Xinjiang mana’s valley. The Riegl LMS and OxTS NAVgraph software were then used
to carry out registration and correction of point clouds in study area. The point clouds after processing of
removing noise points and diluting points had a total of 107 372 points. Then, K-means method was used under
constraint of three- dimensional coordinates’ values of point clouds to get three different clustering results.
Meanwhile, maximum-minimum standard method was introduced to normalize values of original echo intensity
to a range of 0 to 1. The corresponding ground point clouds were obtained for different clustering results by
choosing different ranges based on normalized intensity values. Finally, we merged ground point clouds from
different clustering results to acquire ground point clouds in entire study area. For comparisons, we also used
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K- means clustering method under constraint of original values of echo intensity and three- dimensional
coordinates. The results show that the ground point cloud obtained from K-means clustering and constraint with
original values of echo intensity has 66 713 points, accounting for 62.133% of the total number of point clouds
in this paper. An additional 13 648 subsurface vegetation points can be removed by using this paper’ method,
reducing the ratio of ground point clouds to total point clouds to 49.422%. This method can better maintain
terrain profile and reduce data volume of the ground point cloud, thus laying the foundation for the rapid
establishment of high precision DEM.

Key words: UAV LiDAR; K-means clustering; point cloud preprocessing; point cloud filtering; echo intensity
normalization
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Fig.1 Process flow chart of filtering by K-means clustering

under constraints of point clouds’ echo intensity values
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Fig. 2 Original point clouds of study area and histogram of normalized echo intensity
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Fig. 4 Filter results of K-means clustering under the constraint of original echo intensity values
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