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Point Cloud Semantic Segmentation Based on Degraded Feature
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Abstract: To address the issues of point loss, occlusion, and geometric distortion in LIDAR point
clouds caused by adverse weather conditions such as rain, snow, and fog, which lead to degraded
performance in 3D semantic segmentation and particularly affect the segmentation accuracy of small
objects like pedestrians and bicycles, a point cloud semantic segmentation method is proposed based
on degraded feature consistency learning. First, a data augmentation module consisting of fine-
grained semantic instance enhancement and spatially partitioned distance-aware perturbation is
constructed. Through geometric perturbation simulation and small object instance expansion, the
model's learning capability for structural variations and small object features is enhanced. Second, a
point cloud voxel feature extraction network is used to encode point clouds to obtain voxel feature

representations. Finally, random degradation is applied to voxel features to construct a "clean-
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degraded dual-branch" structure, and the robust representation capability of the network under feature

corruption conditions is improved through consistency constraints.

The proposed method 1is

experimentally validated on the public SemanticSTF dataset. The results show that this method can

effectively improve the performance of point cloud semantic segmentation under adverse weather

conditions. In terms of performance metrics, the mean Intersection over Union (mloU) is 10.7%

higher than that of the baseline model, and better segmentation results are achieved for small object

categories such as pedestrians and bicycles. The research results can provide a reference for the safe

and reliable application of 3D perception systems in complex weather environments.

Keywords: semantic segmentation; adverse weather; generalization
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Fig. 1 Overview of the point cloud semantic segmentation based on degraded feature consistency learning under adverse weather

conditions
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Fig. 2 Data Augmentation Module
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Fig. 3 Visualization examples of point cloud semantic labels

under different adverse weather conditions
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Table 2 Performance Comparison of Different Algorithms in

Terms of Precision, Recall, and F1-Score
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Table 3 Performance comparison of different methods under

various weather conditions
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Fig. 4 Qualitative comparison of 3D semantic segmentation results on the SemanticSTF validation set
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