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An Algorithm of Train Operation Environment Recognition Based on

Embedded GPU Platform

XIONG Minjun, LI Chen, ZHANG Huiyuan, PENG Liantie, SU Zhen
( Zhuzhou CRRC Times Electric Co., Ltd., Zhuzhou, Hunan 412001, China)

Abstract: Real-time detection of train operation environment is an important prerequisite for realizing automatic train operation.
Aiming at the problems of low efficiency, poor accuracy and weak robustness of traditional train operation environment sensing
algorithms, a real-time detection algorithm of train operation environment based on image instance segmentation is proposed. The
image data of train operation environment is acquired by onboard cameras, and the corresponding preprocessing work is carried out,
such as sample labeling and image enhancement. The instance segmentation network MaskRCNN based on deep learning is improved
and trained, and the model is accelerated based on TensorRT. Finally, the model is validated on the embedded development platform
NVIDIA-Xavier. Detection accuracy of the optimized model in the verification set is 94.75%, and the inference speed of the accelerated
model is about 6-time of the original one, which meets the real-time detection requirements of train operation environment.

Keywords: instance segmentation; train operation environment; dilated convolution; model acceleration; embedded platform;
automatic train operation
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Tab.1 Comparison of detection results (%)
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Fig. 6 Segmentation results of the train operation
environment by MRepy
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Tab. 3 Comparison of inference time before and after
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