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[Abstract] To address the impact of sparsity and disorder of point clouds on target detection accuracy, a
two-stage multimodal fusion network VPC-VoxelNet based on virtual point clouds is proposed in this paper. Firstly,
virtual point clouds are constructed using image detection target information to increase the density of point clouds,
thus improving the performance of target features. Secondly, the dimensionality of point cloud features is increased
to distinguish real and virtual point clouds, and a voxel with confidence encoding is used to enhance the correlation
of point clouds. Finally, the scale factor of the virtual point clouds is adopted to design the loss function to increase
the supervised training of image detection and improve the training efficiency of the two-stage network, and avoid
the cumulative model error problem of the two-stage end-to-end network model. The target detection network, VPC-
VoxelNet, is tested on the KITTI dataset, and the detection accuracy is better than that of the classical 3-dimension-
al point cloud detection network and certain multi-sensor information fusion networks, with a vehicle detection accu-
racy of 86.9%.
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