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Abstract : Aiming at the problem of missing detection or wrong detection of target vehicles caused by occlusion in traffic
surveillance video,an improved vehicle detection algorithm based on Mask R-CNN traffic surveillance video is proposed.
Firstly, the backbone network based on the bottleneck structure is used to improve the ability of extracting features from
the backbone network. Then, the mask branch based on the predicted mask score is used to fuse the target’s category
score and mask quality score to improve the vehicle’s mask quality. Finally,the target detection loss function based on
Arcface Loss can improve the discriminability between different features and improve the detection accuracy of the target.
The experimental results show that the improved Mask R-CNN model can better detect the shielded vehicle,and that the
detection accuracy of the target vehicle is higher than those of the Faster R-CNN, YOLO v3 and Mask R-CNN model,
thus solving the problem of missing or wrong detection of the target vehicle.
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Fig.1 The structure of improved Mask R-CNN
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