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Abstract: To achieve the accurate semantic segmentation of transmission line point clouds based on deep learning., it
is necessary to establish a point cloud dataset that can accurately reflect the characteristics of the target category.
However, the existing datasets cannot meet the needs of semantic segmentation of transmission line scene point
clouds. Therefore, a deep learning dataset, POWERLINE-ALS. was constructed in this paper based on the point
cloud data obtained by utilizing airborne LiDAR to inspect the 500 kV ultra-high voltage transmission lines in a
certain region. The dataset includes six categories of ground objects: ground wires, wires, towers, vegetation,
buildings, and low power lines. The length of transmission line is 21 km. The dataset was trained and tested by
using five common deep learning models, PointNet + +, PointCNN, KPConv, SPG, and RandlLA-Net. The
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experimental results indicate that POWERLINE-ALS can be applied to the current mainstream deep learning models
and has universality. With the highest test accuracy and the mIoU of 95. 31% and 82. 25% respectively, it can meet
the accuracy requirements for actual point cloud data semantic segmentation.
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Table 1 Comparison of flight platforms
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Fig. 5 Partial point cloud semantic segmentation results (the 1st, 3rd, 7th scenes of test dataset)
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