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Detection of Safety Belt Wearing in Aerial Work

CAO Jie', GUO Zhibin', PAN Lizhi', DING Xinghao®
(1. State Grid Fujian Construction Company, Fuzhou 350012, China;

2. School of Informatics, Xiamen University, Xiamen 361005, China)

Abstract; In order to reduce the risk of accidents, the safety protection of aerial work is very important. Aiming
at the existing safety belt wearing detection method with poor timeliness and lack of scene specificity, a safety
belt wearing detection method for aerial work is proposed. Firstly, the state—of—the—art object detection method
YOLOX is introduced to enable the model to work in real—time and have high accuracy. Secondly, two special
augmentation methods, namely Mosaic and MixUp, are used to enrich the variability of scenes and targets in the
dataset, and an instance normalization strategy is combined to further improve the robustness of the model in
dealing with the complex operating environments. The experimental results on the public dataset show that the
Mean Average Precision of the proposed method on the test set is 95.78% with an average inference time for each
image is 3.31 ms, which has the characteristics of fast recognition and high accuracy, and can meet the practical
application requirements of aerial work.
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2 .
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S fd FHAE COCO dli g b Il i B XA SO RI A TR 46 1k BRI 25 240 - Batchsize BEE K 8,
Epoch ¥ &y 60, i FFAALEE BE T RE SCD AUALTE L W1 th2= 2T FH 1e-3, A decay B'E N Se—4, &
WHE N 0.9, K] FP16 IR 5K I 25
2.3 iFMIERR

8 FF-25085 B ( Average Precision, AP ) FIS-147K5 FE #4{E (mean Average Precision, mAP )/ i AU 4 fi
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Precision=——; (7)
TP+FP
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Recall = . (8)
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F TP (True Positive ) Sk T 1E 8 i IEAEAS ; FP ( False Positive ) A T 4% 3% i 1 FE A ; FN ( False
Negative ) SR TS5 B IERE AR
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AP AAFEFRER R 24T RS . mAP BVEUITA 25017 AP {H 19 FI(E.
2.4 LIGERKXTELTHR

PATRE 27 2 v 1) H ARKEI A A LAt 3l i A L T YOLOX (1) ) i 23 Vb 22 4y K AR TR | Xof
ANV N 52 B Ay A A AR I R PEA AL R ), ToU (Y BB % 2 4 0.5, BER T 0.5 IYFEA B A E &
TEff T

ARSIy 5 HA 5 s MR RR LU AN 38 2 B s A bE T LA 2 531, Al 255 R4 4 RS 0 - 2 E B R
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FasterRCNN'?! 82.2 94.2 89.6 88.4
ssptt 89.2 94.4 90.5 82.9
RetinaNet! 4! 63.8 92.3 86.3 73.1
AR5k 93.3 99.1 97.4 93.3
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