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Grid self-attention mechanism 3D object detection method
based on raw point cloud
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Abstract: To enhance the feature representation of region of interest (Rol), which incorporated a spatial context encoding
module and soft regression loss, a grid self-attention mechanism 3D object detection method based on raw point cloud,
named GT3D, was proposed. The spatial context encoding module was designed to effectively weight the local and spa-
tial features of points through the attention mechanism, considering the contribution of different point cloud features for a
more accurate feature representation. The soft regression loss was introduced to address label ambiguity arising during
the data annotation phase. Experiments conducted on the public KITTI 3D object detection dataset demonstrate that the
proposed method achieves significant improvements in detection accuracy compared to other publicly available point
cloud-based 3D object detection methods. The detection results of the test set are submitted to the official KITTI server
for public evaluation, achieving detection accuracies of 91.45%, 82.76%, and 79.74% for easy, moderate, and hard diffi-
culty levels in car detection, respectively.
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