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Point Cloud Object Detection Algorithm Based on Teacher-student Model

WEN Feng, SHI Mingze,LIU Simeng, YIN Xiangyang

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract; A point cloud object detection algorithm based on knowledge distillation and attention
enhancement is proposed to address the issue of low detection accuracy for occluded objects in out-
door autonomous driving scenarios. Building upon the CIA-SSD algorithm model, a dense feature
generation module based on a teacher-student model is designed. A dense data generation method u-
sing intersection over union matching strategy is proposed to convert sparse features into dense fea-
tures. The dense feature generation module is located within the student model, which infers com-
plete dense object features under the soft target supervision generated by the teacher model, achie-
ving the completion of object features. Spatial attention and channel attention mechanisms are de-
signed in the teacher model to enhance the dense point cloud of the objects and improve the quality
of the feature maps. Validation results on the KITTI dataset demonstrate that the proposed method
significantly improves detection accuracy while maintaining the speed advantage of single-stage ob-
ject detection compared to the SE-SSD model and CIA-SSD model.
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Table 3 Comparison of experimental results
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A SC R 4% 92. 04 83.25 78. 69 84. 66 98. 34 93.28 87. 89 93. 17 30.79
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Fig.9 Detection results before and after dense data generation
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