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Lightweight safety helmet wearing detection algorithm of
improved YOLOvS
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(1. School of Information Engineering, Southwest University of Science and Technology.Mianyang 621000, Chinaj;

2. Sichuan Provincial Key Laboratory of Robot Technology Used for Special Environment, Mianyang 621000, China)

Abstract: In response to the issues of large model size, complex computations, and high resource demands on
computational platforms in safety helmet detection models, a lightweight safety helmet detection algorithm called
YOLOv8-MBS, based on an improvement of YOLOvS8, is proposed. A new lightweight backbone module was first
formed by combining MobileNetv3 with SPPF, reducing the algorithm's parameter and computational load. Moreover,
the algorithm's feature extraction and representation capabilities are enhanced using a weighted bidirectional feature
pyramid network, which also reduces the false detection rate. Finally, the SimAM module is incorporated to improve
the network’ s correlation between positional information and safety helmet features without increasing the
computational burden. Experimental results show that compared to the original YOLOv8n network, the improved
YOLOvS8-MBS maintains high detection accuracy while reducing computation by 35. 96 % , the number of parameters by
25.63% , and model size by 23. 22% , and increasing the frame rate by 12. 52 fps. The lightweight nature of the model

reduces deployment costs and provides theoretical support for embedded deployment and large-scale applications.
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Fig.5 Feature fusion module structure comparison chart
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Table 1 YOLOv8n-MBS structural parameters

75 from params module arguments

0 —1 232 Conv_BN_ 3, 8,2

1 —1 628 InvertedResidual 8,8,16,3,2,1,0
2 —1 2 104 InvertedResidual 8,8,72,3,2,0,0
3 —1 2 568 InvertedResidual 8,8,88,3,1,0,0
4 —1 9 848 InvertedResidual 8,16, 96, 5,2, 1.1
5 —1 43 772 InvertedResidual 16, 16, 240, 5, 1, 1, 1
9 —1 43 772 InvertedResidual 16, 16, 240, 5, 1, 1, 1
7 —1 14 702 InvertedResidual 16, 16, 120, 5, 1, 1, 1
8 —1 19 364 InvertedResidual 16, 16, 144, 5,1, 1, 1
9 —1 61 752 InvertedResidual 16, 24, 288, 5, 2, 1, 1
10 —1 211 008 InvertedResidual 24, 24, 576, 5,1, 1, 1
11 —1 211 008 InvertedResidual 24, 24, 576, 5, 1, 1, 1
12 —1 13 112 SPPF 24, 256, 5

13 —1 0 Upsample None, 2, ‘nearest’
14 —1, 8 2 BiFPN_Concat2 1

15 —1 133 888 C2f 272, 128, 1

16 —1 0 Upsample None, 2, ‘nearest
17 —1,3 2 BiFPN_Concat2 1

18 —1 33 664 C2f 136, 64, 1

19 —1 36 992 Conv 64, 64, 3, 2

20 —1,15 2 BiFPN_Concat2 1

21 —1 123 648 Cc2f 192, 128, 1

22 —1 147 712 Conv 128, 128, 3, 2

23 —1,12 2 BiFPN_Concat2 1

24 —1 493 056 Cc2f 384, 256, 1

25 —1 0 SimAM 256

26 18,21, 25 751 702 Detect 2, [64, 128, 256
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Table 2 Experimental environment parameters
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Table 3 ' YOLOv8n ablation experiment

HAEETE MARERE SmAMEES Params/10°  GFLOPs #EBiIR/% BEIFE/Y% mAP/% W% /FPS
X X X 3.16 8.9 89. 2 83.7 87. 40 168. 10
J X X 2.35 5.7 86. 2 72.2 81. 95 180. 88
X J X 3.16 8.9 90. 8 84. 6 90. 51 168.18
X X J 3.16 8.9 91.2 85.2 90. 92 168. 06
J J X 2. 35 5.7 88.3 75.7 84. 23 180. 86
NG NG J 2.35 5.7 89.9 80. 2 87. 45 180. 83
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Fig. 7 Safety helmet wearing test results in different scenarios
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Fig. 8 Comparison of network detection results before and after optimization
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Table 4 Missed detection and false detection test results
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% % BT R I BB R R L, S BOE As B A ] AR
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Table S Comparison of evaluation indicators between YOLOv8-MBS and mainstream algorithms

Fi 351 WEMR/% mAP@0.5/%  Params/10° GFLOPs Model size/ MB W% /FPS
YOLOv5s 88. 6 87.12 9.12 23.8 21. 45 154. 80
YOLOv5x 91.2 90. 11 86. 21 217.9 278.32 24. 60
YOLOv8n 89. 2 87. 40 3.16 8.9 6. 20 168. 10
YOLOv8s 90. 1 89. 02 11.17 28. 8 21.53 152. 61
YOLOvS! 92.6 93. 42 43.69 165.7 83. 70 55.57
YOLOv8x 93.0 94. 91 68. 23 258. 1 130. 36 34. 28
YOLOv3 87.6 85. 26 103. 67 282. 2 198. 12 22. 40
YOLOv6 87.9 86. 31 4.23 11.8 8.27 160. 50

Faster R-CNN 82. 4 76. 71 60. 12 282.7 354. 21 22.10
Sk 17 90. 2 89. 28 9.71 27.2 24. 45 152. 80
YOLOv8-MBS 89. 9 87. 44 2.35 5.7 4.76 180. 62

s @ SimAM {5 S ML 355/ B bR 9 2 A RS DU RS B 49 1]

I 45 4578 At A P
BT 24 i 2 4 MR SRS 0y Tk X 5 BT R 2R

790 3 B A B TR L2 B B R, kB R R R S RO RN B R R

ARSCHR T I L XTE AT 6 10 B IR SR B AR BT )
R AR AL A

H—FB: MobileNetv3 F1 YOLOvS #4544 . fili F & AL
MU AT 4 7 85 R it AT SimAM ¥ 7 1 Bl io 53
YOLOv8-MBS, #|H MobileNetv3 4k 3 145 B , K i &
BIREAR T SE3E 9 S8R M fff A BIFPN & AU AL W
)RR AE 4 5 B8 4R R 4% I R AE LA RE s A TS 8K

TURFRAL 4. 76 MB A FI T i LA (1 4% A S . X
TP B G IR EE R Y AR T ek 2D [ 2% 2B AR K I T R
A A Bl AR S R i N . 0 A 2 R v B TR L O
Sl B A .
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