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Method of street tree extraction and single wood
segmentation by deep learning and K-Means
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Abstract: A street tree extraction and single wood segmentation algorithm is used to address the issues of
multiple parameters that need to be set for street tree extraction methods in urban road scenes, as well as
the difficulty in accurately segmenting overlapping tree crown point clouds. Firstly, ground points are re-
moved from the original point clouds using cloth simulation filtering algorithm, and outliers are filtered u-
sing radius filtering to remove the influence of ground points and noise points on the extraction of street
trees. Then, by adding the set abstraction(SA) module of PointNet+ + network, the feature extraction
ability of the model is improved, making it more suitable for extracting street tree point clouds. The im-
proved network is used to extract street tree point clouds from the original point clouds. Finally, the den-
sity-based spatial clustering of applications with noise(DBSCAN) and K-Means algorithms are combined
to segment overlapping street tree point clouds and obtain single wood information. To verify the effec-
tiveness of this method, training tests were conducted on the Yongchang Road dataset in Beijing. The ex-

perimental results show that the average extraction accuracy and intersection over union(loU) of the im-
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proved model for street tree point clouds increase by 9. 2% and 15. 1%, respectively, reaching 94. 5%

and 0. 916; the average accuracy of single wood segmentation reaches 91. 3%3.
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