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Abstract

In the process of production line, there are countless tragedies caused by workers not wearing
safety helmets. In order to help factory supervisors urge workers to wear safety helmets to ensure
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their personal safety, the traditional detection method often separates the safety helmets from the
human body, resulting in the inability to judge the wearing relationship between people and safe-
ty helmets, Therefore, this paper proposes a detection algorithm of improved Yolo algorithm
based on deep learning. Based on the existing Yolo algorithm, its loss function is improved, and
replaces the original GlIoU_Loss with CloU_Loss, so that the recognition accuracy of the algorithm is
improved and the convergence speed is faster. In view of the fact that the positioning of safety
helmet by Yolo algorithm is easily affected by noise and other aspects, a multi-stage algorithm for
safety helmet detection is designed in this paper. Firstly, the area where workers are located is
located by Yolo algorithm to obtain workers’ location information; then, the head area of the
worker is selected, and the area is slightly expanded to improve the fault tolerance of the algo-
rithm; finally, a basic neural convolution network is used to judge whether to wear a helmet. The
experimental results show that compared with the previous methods, this method achieves
92.73% in the accuracy of helmet recognition, and the detection speed of this method is twice as
fast as the previous methods, which proves that this method can meet the expected requirements.
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Figure 1. Flow chart of helmet wearing identification
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Figure 4. C3 module structure
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Figure 6. Convolution module structure
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Figure 7. Helmet wearing identification network structure
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Figure 8. Three cases with different coincidence degrees, but loU is the same
8. ZMEAENEIRIEME loU 16

EFXTIX P A, 2019 SEHRH T GloU_Loss fHY 7 AH B B35 «
E X ESEAE AN A, TRIHERA N B, B4

o /A8l ?)
|AUB|
GloU = loU —w 3)

Hrh CcRE T A BRE/NHR. ik, HiloU AN 1K, GloU A1, *loU KHOK, GloU /NF4
T 0. {HGloU KA IRy, Wk 9 k.

Figure 9. When the prediction box is inside the real box
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Figure 10. CloU diagram
10. CloU E7R~

E X CloU AFA:

2
CloU =loU —(d—2+av] 4
c
ot 2
v =i2 arctanw—t—arctanﬁ (5)
I1 h? h
|4
- A 6
‘- 100) v ©

b, v IFE AR EHER HFRHEZ IR, o RRERE, Ma SEMAXTTUAE L, #Hik
BRI T ZOR RN S SEHE 5 H ARAE 2 8] ) B B X I
5E X CloU_Loss A3A:

dZ
Loy =1-10U +(C—2+avj (7
Rk, CloU_Loss I T LA B s/ ME HARHE 5 S SSHEZ 1R (R RE B, IR A1 458 2% pR A e 8t
HPZER, HOREL
3. REMBRWEESR
3.1 HiEAbiE
ARSCAE P K R P 8RR T M 2 sk, B SR 0 TSk B S 2 4 0B A B AT AR, HR

DOI: 10.12677/s€a.2022.111008 67 B TR R


https://doi.org/10.12677/sea.2022.111008

THAIREAEA R, HULAE TAAAE AT B, SRE LT P Ao Sodfs (0 Fiab 277 5K
1) Mosaic $#i 55 : A5 PUsKIE AT BEMLA . 8T HERROFBHIGEOR IOERAE, i 11, R D0aKk A
FEIFR—K, F5 TEIREMMR T MENZRER, IR 7B N K,

Figure 11. Data enhancement process
B 11 BoEEsedig

2) EH@EME R4 KRR R E E G — R A BN 4 % . BT e il R8O AR R
PR AN [ T S5 B UG 7 2R KRS BRI I, YOLOVS 1S 48 U A AN S e BV IR 4 2 T8
St SR a0 BRSNS 2% B 4T L ], AR L L B 48U 6 TR i P SR I e i
AR ST 5025 (R 4 B E

FETNRHR DXCIRSRE B B, 22 2% CNN RT DL 2, [0 2% 14 N S 0 4 B BT A BT %
TN 8 DRI I, R ke B ST 22 R A B A AN IEREAS B AT, ] 125 R Z N AREAS, T 13,
YIRS o+ Hn e i IRYE, O ot () St AE 2 A0, BRS80S A g 5y 5

Figure 12. Partial positive sample
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Table 1. Hyper parameter configuration

*1 BEYRE

S Hfy
Learning rate 0.01
SGD momentum 0.937
optimizer weight decay 0.0005
ciou loss gain 0.05
cls loss gain 0.5
cls BCELoss positive weight 1.0
obj loss gain 1.0
obj BCELoss positive weight 1.0
iou training threshold 0.80
anchor-multiple threshold 4.0
image HSV-Hue augmentation 0.015
image HSV-Saturation augmentation 0.7
image HSV-Value augmentation 0.4
image scale 0.5
batch 16
epoch 100
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Table 2. Comparison of evaluation indexes before and after model improvement

2. HEAKOHETE AT IR EE

ik mAP (loU = 0.5) Precision Recall F1 epoch
YOLOV5 (GloU) 0.8934 0.8893 0.8782 0.5600 88
YOLOVS5 (CloU) 0.9053 0.8988 0.8865 0.5603 40

Hh, mAP FEREDE BT AT 25 4 25 IE R T X #ERA 2, Precision = TP/(TP + FP), Recall = TP/(TP +
FN), (TP AXEIEHI, FPELER], FN B, TN E ), F1 & Precision F1 Recall i1 %
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Figure 14. The two pictures show the same time (left: before improvement, right: after improvement)
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Table 3. Comparison results with various methods

® 3. 5RGENERER

YOLOV4 [16] YOLOV3 [17] SSD Faster R-CNN Ours (CloU)
Helmet mAP 92.97% 91.94% 87.09% 92.93% 93.87%
Head mAP 88.99% 78.22% 67.12% 85.09% 91.59%
mAP 90.98% 85.08% 77.11% 88.66% 92.73%

HIT L& SRAT DA A SCHR H ARG 5 VAN R AR AR 22 R 2 S A X I, A Al A A
HA 5B TR ST, DA S R R B 3 A2 X TN 22 R SI IR ALY PR3k P2 AR P 5K

DOI: 10.12677/s€a.2022.111008 70 B TR R


https://doi.org/10.12677/sea.2022.111008

JARE %%

4. LERIE

DREIIAL R Z A7 rp TN 22 B (R 00, AN SCHR 6 22 A (ARSI s Sl i %) YOLO S5

RRBGHAT G, NP T RSIIE L, $RTE A IIAE L, AR MRA ARG b AT 2 BUAS AR, BE
e T AR S N B R AR 2 CRE B4 L AR R 6 3 50k 22 xR s Ry W, 3 e 4% 4 xR S
UEH T AR A 5 AL SEBRERAE R AT AT 1%, SRG 45 RABRIIA S50 18 A LI R HEm 3
HWHRKBFET

FEASCIITFE R, R A S R AL B TARGF I RCR RERS RN T e, PRIMAE S JS i T A

e UL SRR BISKBR R, TR — B S S SRR RGN TR A
P

[1]
(2]
(3]
(4]
(5]
(6]
(7]

(8]
(9]
[10]

[11]

[12]

[13]

[14]

[15]

[16]
[17]

WKtk —ANEE. I KRFUE——% 2B 5 TE[C]. 2020 F& B il 5 AR = 05 (R#ER) 18 SC . lHk:
R Sfs AL EA R A ], 2020: 125-129.

Girshick, R., Donahue, J., Darrell, T., et al. (2017) Rich Feature Hierarchies for Accurate Object Detection and Seman-
tic Segmentation Tech Report (v5).

Girshick, R. (2015) Fast R-CNN. Proceedings of 2015 IEEE International Conference on Computer Vision (ICCV),
Santiago, 7-13 December 2015, 1440-1448. https://doi.org/10.1109/ICCV.2015.169

He, K., Gkioxari, G., Dolllar, P., et al. (2017) Mask R-CNN. IEEE Transactions on Pattern Analysis & Machine Intel-
ligence, 42, 386-397. https://doi.org/10.1109/TPAMI.2018.2844175

Liu, W., Anguelov, D., Erhan, D., et al. (2016) SSD: Single Shot MultiBox Detector. In: Proceedings of the 14th Eu-
ropean Conference on Computer Vision, Springer, Amsterdam, 21-37. https://doi.org/10.1007/978-3-319-46448-0_2

Sermanet, P., Eigen, D., Zhang, X, et al. (2013) OverFeat: Integrated Recognition, Localization and Detection Using
Convolutional Networks.

Lin, T.Y., Maire, M., Belongie, S., et al. (2014) Microsoft COCO: Common Objects in Context. Springer International
Publishing, Berlin. https://doi.org/10.1007/978-3-319-10602-1_48

ik, RILT, mdl, . EET oo E YOLOV3 Ak il = 7E [3]. vHEMLG 3, 2021, 38(5): 413-417.
RS, 5kez, ARESE, 4. JET ResNet50-SSD (14 A MR M EUIRAS AL IAF 7 [J]. K IL(5 BIf1{E, 2021(3): 86-89.
PEsRA, B, DIPGRE, & JETUREEY IR i A S R 772 L R4 [P]. HE, CN110188724A.
2019.

Liu, S., Qi, L., Qin, H., et al. (2018) Path Aggregation Network for Instance Segmentation. 2018 IEEE/CVF Confe-

rence on Computer Vision and Pattern Recognition (CVPR), Salt Lake City, 18-22 June 2018, 8759-8768.
https://doi.org/10.1109/CVPR.2018.00913

Lin, T.Y., Dollar, P., Girshick, R., et al. (2017) Feature Pyramid Networks for Object Detection. 2017 IEEE Confe-
rence on Computer Vision and Pattern Recognition (CVPR), Honolulu, 21-26 July 2017, 2999-3007.
https://doi.org/10.1109/CVPR.2017.106

Rezatofighi, H., Tsoi, N., Gwak, J.Y., et al. (2019) Generalized Intersection over Union: A Metric and a Loss for
Bounding Box Regression. 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Long
Beach, 15-20 June 2019, 658-666. https://doi.org/10.1109/CVPR.2019.00075

Yu, J., Jiang, Y., Wang, Z., et al. (2016) UnitBox: An Advanced Object Detection Network. ACM on Multimedia Con-
ference, Amsterdam, 15-19 October 2016, 516-520. https://doi.org/10.1145/2964284.2967274

Zheng, Z., Wang, P., Liu, W., et al. (2019) Distance-loU Loss: Faster and Better Learning for Bounding Box Regres-
sion. Proceedings of the AAAI Conference on Artificial Intelligence, 34, 12993-13000.
https://doi.org/10.1609/aaai.v34i07.6999

Bochkovskiy, A., Wang, C.Y. and Liao, H.Y.M. (2020) YOLOv4: Optimal Speed and Accuracy of Object Detection.
Redmon, J. and Farhadi, A. (2018) YOLOv3: An Incremental Improvement.

DOI: 10.12677/s€a.2022.111008 71 B TR R


https://doi.org/10.12677/sea.2022.111008
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1109/TPAMI.2018.2844175
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1109/CVPR.2018.00913
https://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1109/CVPR.2019.00075
https://doi.org/10.1145/2964284.2967274
https://doi.org/10.1609/aaai.v34i07.6999

	一种检测安全帽佩戴的深度学习算法
	摘  要
	关键词
	A Deep Learning Algorithm for Detecting Helmet Wearing
	Abstract
	Keywords
	1. 引言
	2. 安全帽实时检测算法
	2.1. 判断工人存在区域
	2.2. 工人头部区域提取
	2.3. 判断是否佩戴安全帽
	2.4. 算法损失函数的改进

	3. 安全帽检测算法实验
	3.1. 数据处理
	3.2. 参数设定
	3.3. 实验结果

	4. 结束语
	参考文献

