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Abstract: Aiming at the demand of autonomous

positioning of rail construction vehicles, this paper
proposes a method of absolute position extraction of rail
vehicles based on the video of 100-metre markers
captured by the on-board forward-looking camera. The
method first YOLOX-s network and

constructs the target detection model of the 100-metre

improves the

marker to complete the target detection of the 100-metre
marker. Then, when the 100-metre marker is detected, it
combines convolutional

image preprocessing with

recurrent neural network (CRNN) network to construct
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the 100-metre marker digital text recognition model to
extract the digital text information of the 100-metre
marker, so as to achieve the absolute position location of
rail construction vehicles. The method is verified to be
able to quickly and accurately extract the absolute

position information of rail construction vehicles.

Keywords: rail vehicle positioning; machine vision;

target detection; text recognition
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Fig. 2 Loss curves of YOLOX-s training process
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Fig. 9 Loss curves of text recognition network training process
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