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1 application of 3D point cloud in indoor and industrial environments, this
loud feature extraction method based on hierarchical abstraction with the
etection Transformer (DeTR) neural network. Additionally, a surface representation

point cloud is designed to enhance the additional features of the 3D point cloud.

Experimental validation and assessment of the proposed method are conducted on the public dataset ScanNet V2 and an
industrial indoor dataset. Experiment results show that the mAP@ 0.5 accuracy of the proposed method exceeds the
State-of-the-Art (SOTA) model CAGroup3d, reaching 76.0% ; the mAP @ 0.25 accuracy exceeds the SOTA model
CAGroup3d, reaching 62.2% . The ablation experiment further validates the accuracy and efficiency of the method.
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Fig. 2 Additional extraction of triangular information
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Fig. 5 The performance of the model on the industrial indoor dataset
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