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CSA-PointNet: a tree species classification model for coniferous
and broad-leaved mixed forests
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Abstract: LiDAR technology is able to quickly acquire 3D structural information of trees, and when combined
with deep learning algorithms, it can achieve tree species classification at the single plant level. In order to solve
the problem of losing the vertical structure, canopy shape and spatial distribution information of trees when conver-
ting point clouds into 2D images or 3D voxels, the authors propose CSA-PointNet based on PointNet, which can
directly take the point cloud of an individual tree as input. By introducing both the channel-attention mechanism
and the spatial-attention mechanism, it enhances the extraction of detailed features and spatial distribution charac-
teristics, thereby improving the accuracy of tree classification. The Jingyue forest dataset is used to train and test
CSA-PointNet and mainstream models ( VoxNet and PointNet) , respectively. The results show that the overall clas-
sification accuracy of CSA-PointNet is 74. 69% , and the kappa coefficient is 0. 51, both of which are higher than
those of VoxNet and PointNet.
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Fig. 1 Location map of study area
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Table 1 Device parameter settings

SRR SRR
Ao e 40 m
KA R 80 m
RATHEE 10 m/s
LiDAR 74t £k i 100 m/s
LiDAR 33t £ 90° ~270°
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Table 2 Information of tree species
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Table 3 Hyperparameter settings
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Fig. 6 Accuracy curves of training results for three models
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Fig.7 Confusion matrices of classification results for three models
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Table 4 Comparison of classification accuracy for three models
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