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Abstract: Aiming at the disadvantages of low sensitivity and poor spatial perception of tradi-
tional visual sensors, a vehicle target detection algorithm based on ResNet-MLP two-stage
model is proposed to enhance the accuracy of vehicle target detection by using LiDAR sen-
sor. The algorithm improves the mapping of point cloud bird’s-eye view so that it retains the
point cloud height features, and the point cloud features are extracted by the improved Res-
Net. Finally, a parallel multilayer perceptron network is used to classify vehicle targets and
regress the position. KITTI’s 3D Object dataset is used for validation, and through compar-
ison experiments with PointNet+ + and VoxelNet methods, it is found that the detection

accuracy of the three methods decreases when the IOU is higher, but compared to the other
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two algorithms, the proposed algorithm has better detection accuracy and higher running
speed, which can provide technical support for the real-time perception of self-driving vehi-
cles in the future.

Key words: vehicle target detection; LiDAR; point cloud images;bird” s-eye view mapping
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