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Table 3 Precision and recall of YOLOV7 and our algorithm
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type YOLOV7 alg?r‘iltrhm YOLOV7? alg?r‘iltrhm
XH 96. 2 96.9 94.2 95.9
YX 92. 4 94.6 94. 4 95.5
JT 98.9 99.5 95. 8 96.9
TC 92.7 94.8 93.0 94.1
YB 96.3 96.9 89. 2 93.8
Average value  95.3 96.5 93.3 95.2
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Gesture Behavior Detection of Train Drivers Based on Improved
YOLOV7 and StrongSORT

SONG Jichao, HUANG Wei" " ,CHEN Zhentang,ZHOU Chengcai
(Power Technology Institute, Liuzhou Railway Vocational Technical College, Liuzhou, Guangxi,545000,China)

Abstract; The standardization of train driver's driving behavior directly affects the running safety and state of
train operation. At present,the detection of train driver's gesture behavior is insufficient. In order to effective-
ly detect the gesture behavior of train drivers,this article uses the images of drivers’ crew work collected by
the EMU simulation driving system,combined with the You Only Look Once Version 7 (YOLOV7) neural
network model using the fusion attention mechanism and the Strong Simple Online and Realtime Tracking
(StrongSORT) algorithm,five kinds of gesture behaviors of EMU drivers during driving were tested. The ex-
perimental results show that the algorithm in this article can effectively improve the detection effect of differ-
ent types of gesture behaviors when the train driver is working. The detection accuracy rate is increased by
1. 2% on average,and the detection recall rate is increased by 1. 9% on average. The algorithm proposed in
this article will help to improve the effect of daily training and work evaluation of train drivers by railway col-
leges and locomotive departments,and improve the safety in the process of train operation.

Key words: train drivers;crew work;behavior detection; YOLOV7;StrongSORT ;attention mechanism
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