®11%E FoH 2 B8 it E M5 M A
Vol.11 No.9

2021 £ 9 A

Intelligent Computer and Applications Sep. 2021

XEHS: 2095-2163(2021)09-0196-04 HESES: TM732

E T YOLOvSs 1y A B 2 75 (i 2 0 2248 il

KEIE, B 4
(LBIEFAKXE BFERIESMk, i 201620)

W E: T Hih R R IR E TR AR SCHR R T — W AR A R S ik, O TR T DR S RS Sk
TR, %ot A A IR, 1 AT ARG I | R s R BR A T B el AL B 199 800K B A AR M Ek a4 , 34 YOLOVSs
BT B R 2, A LR 2 BT ) A TR X B 45 S A7 12 %) 000 T R AT 404, A N B 2 7 U 1 B i ARk A T
£ FAUKEHIR (precision) (B 101R (recall) FIELAPREEE (mAP) 43500 78.1% 87% F11 53.5% , 15T YOLOv3 il YOLOv4 A i 55
e ik sl e

K, HoEMi%; O, YOLOvSs Bk

SMERARERS: A

YOLOv5s—based detection of mask wearing
ZHANG Luyao, HAN Hua
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In order to combat the COVID—19 and accelerate the speed of resuming production and work, this paper proposes a
method for detecting mask wearing. The method can capture face through cameras, detect whether a mask is on the face or not and
promptly remind people to wear a mask. The method uses 9 800 pre—processed pictures as a dataset, and trains YOLOvSs network
offline to generate the final model. Finally, the proposed algorithm uses the trained model to analyze and further to judge the face
weather a mask is on it or not. The precision (A) . recall (R) and average precision ( mAP) of this algorithm on test dataset are 78.

1%, 87% and 53.5%, respectively. These results are higher than those of YOLOv3 and YOLOv4 detection algorithms.
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Fig. 1 YOLOVS structure diagram
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Fig. 3 Dataset annotation example image
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Tab. 1 Hardware and software configuration
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Tab. 2 Three algorithm test results on the dataset

Bk precision/ % recall/ % mAP@ .5/ %
YOLOv5s 78.1 87 53.5
YOLOv4 76.2 85.4 51.2
YOLOv3 73.6 82.3 48.9
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Fig. 4 Results of mask wearing detection in some situations
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