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Real-Time Vehicle Target Detection Based on Bird’s—Eye View of Point
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[Abstract] To improve the performance of vehicle detection algorithm based on 3D point clouds, this paper proposed
a real—time vehicle target detection algorithm based on the bird”s—eye view of point cloud. First, the original 3D vehicle
point cloud was converted into the 2D point cloud RGB feature map. Second, the vehicle’s yaw angle prediction branch was
added to achieve accurate vehicle localization based on YOLOv4-tiny network, the target localization capability of the
network was improved by adding an improved Spatial Pyramid Pooling—Fast (SPPF) module. Finally, the target detection
precision was improved by introducing a dual- attention mechanism and optimizing the loss function in the backbone
network. The test results show that the average vehicle detection precision of the proposed algorithm reaches 96.92%, which
is 2.94 percentage points higher than YOLOv4-tiny, the average detection accuracy of the proposed algorithm reaches
87.73% in the moderate difficulty of KITTI bird’ s—eye view validation set, detection rate reaches 100 frames per second,
which is able to meet the real-time requirements.
Key words: YOLOv4-tiny, Point cloud RGB feature map, Angle prediction, Dual- attention
mechanism
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