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[ Abstract] Aiming at the problem of track region detection, a multi—branch track region detection method based on deep learning
and traditional algorithm is proposed in this paper. The method uses semantic segmentation, instance segmentation, classification
network and polygon fitting algorithm to obtain the information of orbit region. Firstly, a multi-scale input method is defined to fuse
the information of different levels by jumping connections. Then, the pyramid pooling module of void space is improved to simplify
parallel void convolutional branches and reduce the loss of context semantic information. Finally, the polygon fitting algorithm is
improved to optimize the output result. On SaQiang dataset contributed by researchers in this paper, this method achieves 94.54% on
MIoU and 95.19% on MPA. Compared with LaneNet and SegNet, the processing time of each frame is reduced by 44 ms and 66 ms
respectively, indicating that this method can realize efficient track area detection in multiple complex scenarios of rail transit.
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Fig. 1 Overall architecture of the model
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