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Abstract: At present, manual supervision is generally used on railways to detect whether workers wear safety helmets, but the
supervision scope is too large, and it is impossible to timely track and manage all workers in practice. Therefore, in response to this
problem, the deep learning target detection method is adopted., and the YOLOv5s target detection algorithm is improved to realize
whether railway workers wear hard hats and vests. Specifically, based on the YOLOv5s algorithm, the GhostNet module is used to
replace the convolution Conv in the original network to improve the real-time detection speed of the model; the more efficient and sim-
ple multi-scale feature fusion BiFPN is used to make the feature fusion method simpler and more efficient to improve the detection
speed and reduce the complexity of the model ; The original CIOU loss function is replaced by the SIOU loss function to improve the
accuracy of model. The research results show that the accuracy and recognition efficiency of the improved YOLOv5s-GBS algorithm
can reach 95. 7% and 45 fps, respectively, and the model size is reduced by half, and the accuracy rate of the model is increased
by 4.5%.
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BB MU www. jsjclykz. com



. 78 o

LI i 5 4

% 32 &

B9 (c) X H Al A, YOLOv5s-GBS 4 ¥ # W K5 BE A He
YOLOvss HRF4EF. B 10 (D 5B 9 (d) Xt k& 5.
YOLOv5s-GBS &3k # MK B4t YOLOvSs & fifig 7, H
Ko (b AfiEL, HATHRKE. WK 10 (D K E AN
EAR MR . LI R, AR SRR B YOLOv5s-GBS
AHEC IR YOLOvSs Bk, 7ekilieg & B B 8g 7t *fse
PRz s TR M RO TR 47
3 HRiE

A 9 5 T Bk A GhostNet £, BiFPN, SIOU
BB YOLOvSs £k # TN 42 4 W8 R 28 08 O T 380 vk
J% (YOLOv5s-GBS #.9%) . £ %F it YOLOvSs 8% M 4% 1
FEZ, L, A TR 2R I 5 4 E
[BJ 8, B 56 SR T GhostNet 5 3 e 5 4 9 2% th 1y 45 R
Conv, XFEAT LA AD T4, S ERA /D, BHHF R
ST IS I 0 e 2 B . L YRR PR R T B 1 2 R AR
AlA BIFPN, SEXfJE4G FPN #1780, BIFPN B &5 T &
T2 A2 0 A #2200, [ A v a) 45 /R AE 2 A — 5%
S A REE A A G R 2 A5 M R T W0 REAE AL A
I N R A, B JE R IR R Y CIOU 4 2% pR 508 4 R
SIOU #12k sRE, 3XAE AT L 38 4025 B8 T 7 181 )3 22 [ (1Y ) it
FRE PR U S DA TR A . WS RM, AR SR
#) YOLOv5s-GBS 553 /) i F P ¥ 8k Foo 5918 F 508 B
mAP ¥ G 8 h B FE R I, BB R K /N A L R
YOLOv5s Jdi/b 7 — 2, B0 F| 8 8 5 552 Bsf Ay 0 0 o ¢ 36
B THIE A Xk AR L 4 0 AN 2R R O AT R

S B3k
(1% &, F&s. K P, % HRGR TRABLMIET %4

RfRSR s [J/OL). ML TR S M A, 2023, 4 (1)
1-11. [2023 - 05 - 20 ]http://kns. cnki. net/kems/detail/11.
2127, TP. 20230328.1059. 016. html

2] 7% &, W B, 28 E. Stk YOLOvVS Y4 4 i i 5 46 il
Wk U] WL TRSRA, 2023, 4 (1. 1-12.

(318 #h. H/M, ZFEgfh, % T8 YOLOVS &4
BrmE s [J]. RHEE SR, 2023, 13 (6): 81 -84,

[4] GIRSHICK R. Fast r-cnn [C] //Proceedings of the IEEE in-
ternational conference on computer vision. 2015: 1440 — 1448.

[5] REN S, HE K, GIRSHICK R, et al. Faster r-cnn;: Towards
real-time object detection with region proposal networks [J].
Advances in neural information processing systems, 2015, 9199
(10.5555): 2969239 —2969250.

[6] LIU W, ANGUELOV D, ERHAN D, et al. Ssd: Single shot
multibox detector [ C] //Computer Vision-ECCV 2016.: 14th
European Conference, Amsterdam, The Netherlands, October
11 - 14, 2016. Proceedings, Part I 14. Springer International
Publishing, 2016 21 - 37.

[7] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look

once; Unified, real-time object detection [C] //Proceedings of

the IEEE conference on computer vision and pattern recognition.
2016, 779 - 788.

[8] CHEN S, TANG W, JI T, et al. Detection of safety helmet
wearing based on improved faster R-CNN [C] //2020 Interna-
tional joint conference on neural networks (IJCNN). IEEE,
2020: 1-7.

[9] RAO C, HE X N, ZHENG Z L, et al. Multi-scale safety hel-
met detection based on SAS-YOLOv3-tiny [J]. Applied Sci-
ences, 2021, 11 (8). 3652.

[10] WE F, JIN G, GAO M, et al. Helmet detection based on im-
proved YOLO V3 deep model [C] //2019 IEEE 16th Interna-
tional conference on networking, sensing and control (IC-
NSC). IEEE, 2019. 363 - 368.

[11] CHEN J, DENG S, WANG P, et al. Lightweight Helmet De-
tection Alg orithm Using an Improved YOLOv4 [J]. Sensors,
2023, 23 (3): 1256.

[12] DAI B, NIE Y, CUI W, et al. Real-time safety helmet detec-
tion system based on improved SSD [C] //Proceedings of the
2nd International Conference on Artificial Intelligence and Ad-
vanced Manufacture. 2020: 95 —99.

[13] TAN S, LU G, JIANG Z, et al. Improved YOLOvV5 network
model and application in safety helmet detection [C] //2021
IEEE International Conference on Intelligence and Safety for
Robotics (ISR). IEEE, 2021, 330 —333.

[14] SUN C, ZHANG S, QU P, et al. MCA-YOLOV5-Light: A
faster, stronger and lighter algorithm for helmet-wearing de-
tection [J]. Applied Sciences, 2022, 12 (19): 9697.

[15] HAN K, WANG Y, TIAN Q, et al. Ghostnet; More features
from cheap operations [C] //Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 2020
1580 —1589.

[16] LIL, GAOZ, HUANG L, et al. A dual-modal face anti-spoo-
fing method via light-weight networks [C] //2019 IEEE 13th
International Conference on Anti-counterfeiting, Security, and
Identification (ASID). 1IEEE, 2019. 70 - 74.

[17] WANG K, LIEW J H, ZOU Y, et al. Panet: Few-shot image
semantic segmentation with prototype alignment [ C] //pro-
ceedings of The IEEE/CVF international conference on com-
puter vision. 2019. 9197 —9206.

[18] TAN M, PANG R, LE Q V., et al. Efficientdet; Scalable and
efficient object detection [C] //Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 2020
10781 -10790.

[19] WANG K, LIEW J H., ZOU Y, et al. Panet;: Few-shot image
semantic segmentation with prototype alignment [ C] //pro-
ceedings of the IEEE/CVF international conference on comput-
er vision. 2019: 9197 - 9206.

[20] KOLLaR J. Flops [J]. Nagoya Mathematical Journal, 1989,
113: 15 - 36.

CR¥E25 175 51D

BB MU www. jsjclykz. com





