GRS O i
ELECTRONIC MEASUREMENT TECHNOLOGY

202245 A

BASE B oW

DOTI.: 10. 19651/j. enki. emt. 2108679

£ F it SOLO 5 % & 3h sk B2 4L 58 BE R 5%

#hAHEL ® F % A
(BB E R AR T S HM ¥ £ RS LR ARAE #a 412001

H E: MERHaFmsRemAR AREGHKEWA RS, KX FORSH T ENTR RS, BT
IR AT R A SRR B B 7 50 T 5 T R B SE ) 4 B 51 22 2 gl el i B0k s gk o h R R
MTERNYEEZES WS NEERB#HT TR R#EFTREMEZEREBRSG T ERRE TER G E, FIA
TensorRT A B GE A CUDA A XA R BEAT T AI0ER % X 28 3007 vk F A 7 ¥k #EAT HEBE TR S 30 ik 3 . e,
R FEAMANTFE Xavier FEZILT 71. 2MAP F1 108 ms W E, L T HEFH B T LTI AEN SR E E
KR WRES B AR A A D 5 MR TR

FESES: TP2 AR A ERmmEZERSSERG: 510.1050

Research on vision algorithm of the train’s advanced driver assistance
system base on improved SOLO

Yao Weiwei Tian Ye Li Chen
(Data and Intelligence R&D Center, Zhuzhou CRRC Times Eleetric Co. sLtd. s Zhuzhou 412001, China)

Abstract: With the rapid and comprehensive development of China's economy and the improvement of people’s living
standards, China’s demand for transportation is increasing. In order to meet the higher requirements of locomotive
operation safety, a visual algorithm of the advanced driver assistance system of trains based on single-stage instance
segmentation in railway scene is proposed. The algorithm model is optimized for detecting the characteristics of
multiple overlaps of objects in railway scenes. The accuracy of the model is improved by improving the Backbone
network and multi-scale [usion method. The model is accelerated by TensorRT semi-precision acceleration and CUDA
code relactoring. The performance evaluation and comparative test of this mcthod and other methods are carried out.

Finally, this mecthod achicves 71. 2MAP and 108 ms on the embedded platform Xavier. High-precision detection of the

surrounding environment ol the train under vchicle deployment is realized.

Keywords: dccp lcarning;instance scgmentation;label assignment; model acceleration
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