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Crossing Behavior Detection Based on Deep Learning

WANG Lin, ZHAO Tian
(School of Automation and Information, Xi’an University of Technology, Xi’an 710048, China)

Abstract: Crossing behavior detection is of great significance for epidemic control and social security and can reduce
accidents caused by illegal crossing behavior to a certain extent. In view of the problems of poor rgalﬁime performance
and the need for prior knowledge in the current crossing behavior detection task, this study applies the Faster RCNN+
SlowFast spatiotemporal behavior detection algorithm to the crossing behavier detection task to split and detect the
crossing behavior. In order to improve the detection accuracy and speed of' the target in the spatiotemporal behavior
detection algorithm, the target detection module, namely Faster RCNN is.changed to lightweight YOLOvVS with high real-
time performance. Then, according to the extensive in-class diveréity under different perspectives of the same behavior,
the residual block of the Fast branch and Slow branch is changed to AC residual block and SE residual block,
respectively, so as to strengthen thenetwork’s learning ability to key features and fine-grained features. Finally, the
crossing behavior detection a‘lg&rithm is designed to detect the continuity of climbing and descending states. Experimental
results show that the a‘\‘/erage accuracy of the network reaches 93.5%, which shows excellent performance in crossing
behavior detection.

Key words: crossing behavior; action recognition; spatiotemporal behavior detection; SlowFast
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AT I V. A A 4 1 0 T A 1
T T8 P K bR WA B AT B 4, VAl A [ D 2%
e 2 AR B 200 SHEATEHE S AE YOLOVS J¢ Faster
RCNN AT IR, DAERIR /N P43 FPS J mAP
SR PP A AR A ARSI 14 B, SR 2 BT,

R 2 HbRA IR BEVT-A

-

Hik BARIK/ANM)  FPS mAP@0.5 (%)
Faster RCNN 419 212 80.1
YOLOV5 7.4 49.7 93.6

M 2 T UL Y, A SCAE T A AT AR Ko 48,

YOLOv5 M ELJ& Faster RCNN [{j 25 8 8/> T 34.5M,_ |

mAP $&15 7 13.5 AN 7 8, RE 258 5 T 28.5 FPS.
Faster RONN FLUATE MRG0 T AMF KM, 1775 4
WIHE R ~F 5 B AR AN NG R, T i2: 58 42 78 2% el B
b, TIEOHE B K YOLOVS 6t H AR [7 REE (3 T4 A 4
Re AT AR AF DT LR 0, B ARSI %oS b B ] 13 B,
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