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Abstract: Aiming at the slow speed and low accuracy of multi-object detection algorithms in urban traffic scenes,
this paper proposes a multi-stage proposal sparse region-based convolutional neural network algorithm (MPS R-CNN). The
algorithm mainly has the following characteristics: a multi-stage proposal box filtering update mechanism is proposed to im-
prove the detection accuracy of the algorithm; a bidirectional parallel feature pyramid network (BPFPN) is proposed to en-
hance the model feature fusion capability; for the problem of object detection in urban traffic scenes, the Copy-Paste data
augmentation method and CloU loss function are introduced. The experimental results show that the MPS R-CNN algo-
rithm achieves 77% mAP on the urban object dataset, and the algorithm detection speed remains at 37 fps, which is better
than other current urban traffic object detection algorithms.
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