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Research on 3D point cloud focusing features based on improved
PV-RCNN++ algorithm

DUAN lJieyu, NING Yuan, LI Yucheng

(College of Electrical Engineering, Guizhou University, Guiyang 550025, China)

Abstract; In order to enhance the representation ability of local features of Rol grid, enhance the expression effect of detailed
features, and further improve the accuracy of cloud semantic segmentation, the Rol grid pooling module used in PV—-RCNN ++
network was studied. In PV-RCNN++ network, Rol grid pooling module only performs simple spatial position ordering of voxel
features around grid points, resulting in poor local feature expression effect. In order to enhance the representation ability of Rol grid
pooling module for local features, CBAM attention mechanism was introduced. The CBAM attention mechanism starts from two
domains of channel and space. On the one hand, it deals with the distribution relationship of feature set channels; on the other hand,
it enables the neural network to pay more attention to the voxel region where feature set plays a decisive role in classification, so as
to enhance the effective transmission of important information in the network and improve the robustness of the semantic
segmentation results of the high point cloud. Semantic segmentation experiments on Kitti, an open data set in the field of automatic
driving, show that the model trained by the proposed improved PV —RCNN + + focusing feature algorithm has a significant
improvement effect compared with the benchmark model, which effectively enhances the representation ability of Rol grid pool
module for local features, strengthens the expression effect of detailed features, and improves the semantic segmentation accuracy of
point cloud.
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Table 1 Experimental platform parameters

BERS Ubuntul8.04
CPU i7-12800HX
GPU GTX 3080Ti
AT 32GB

CUDA 11.4.0

Torch 1.10.0
Torchvision 0.11.0

Python 3.7
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Table 2 Comparison of accuracy of different models for cars of

different difficulty %
LAY faj g PRIE
PointPillars! >/ 82.58 74.31 68.99
PointRCNN! '] 86.96 75.64 70.70
PV-RCNN!7! 90.25 81.43 76.82
PV-RCNN++8] 90.14 81.88 77.15
C-PV-RCNN++ 90.15 81.98 77.40
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