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A construction site safety helmet hetection algorithm based on
improved YOLOv8n

Qi Ruijie  Yuan Yuying Sun Liyun Qiao Shichao
(College of Computer Science and Technology, Shandong University of Technology,Zibo 255022, China)

Abstract: Construction sites such as construction, mining, and exploration are very complex and diverse areas. When
conducting helmet wearing detection in such scenarios, there are problems such as severe image occlusion and easy loss
of small target information. This article proposes a helmet wearing detection algorithm based on improved YOLOvS8n.
Firstly, the C2f module of the YOLOv8n model is improved by incorporating an improved inverted residual block
attention mechanism, enabling the model to efficiently capture global features and fully utilize the key information of
safety helmet features; secondly, by combining the SPPF module and LSKA attention mechanism, the SPPF-LLSKA
module is proposed to enhance the network’s attention to key information of safety helmets and avoid the influence of
background information on the detection of safety helmet wearing status in practical complex scenarios; finally, the
Inner-SloU loss function is used to optimize the network model and improve the stability of the model in detecting the
wearing status of safety helmets. The experimental results show that the algorithm proposed in this paper can
effectively detect the wearing status of helmets in complex environments mAP@0. 5 has reached 93. 7%, compared to
the original YOLOvS algorithm’s P, R, mAP@0. 5 and mAP@0. 5 0. 95 has increased by 2. 4%, 4.0%, 3.4%, and
5. 3% respectively, the number of parameters has decreased by 6. 7% , and the computational workload has decreased
by 4. 8%, improving the detection of false and missed safety helmet wearing status, facilitating the deployment of
practical detection applications.

Keywords: deep learning; YOLOv8;safety helmet inspection;attention mechanism;loss function module
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Table 2 Comparison of detection performance between
the algorithm in this article and YOLOvS

RS g P/% R/%  mAP@0.5/%
hat 88.6 81.8 88.8
YOLOv8 person 89.7 85.8 91.8
all 89. 6 84.1 90. 3
hat 92.2 88. 3 93.9
AXHEH:  person  91.7 88.0 93. 4
all 92.0 88. 1 93.7
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Table 3 Performance comparison of different loss functions

12k ok AL ratio P/% R/% mAP@0.5/%
CloU 89. 6 84.1 90. 3
SloU 89.7 83.9 90. 2
EloU 89.9 84.3 90. 4
Inner-SloU 0.7 90.1 84.4 90. 7
Inner-SloU 0.8 90.5 84.6 90.9
Inner-SloU 0.9 90. 4 84.3 90.5
Inner-SloU 1.1 90. 2 84.4 90. 5
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Table 4 The impact of different optimization methods on model performance

- C2{-iRMB- SPPF- Inner- P/ R/  mAP@0.5/ mAP@O0.5:0.95/ %t/ BEIK/N/ B/
SWC LSKA  SloU % % % % M MB G
YOLOVS 89.6  84.1 90. 3 55.5 3.16 6.3 8.9
AL 1 NG 91.6  86.7 92.7 58.7 2.83 5.5 7.8
HIAL 2 N NG 91.7  87.5 93.3 60. 2 3.05 6.0 8.4
B 3 NG NG N 92.0 88.1 93.7 60. 8 3.05 6.0 8.4

3.4 EREEXLLELE

SRS IR AR SCAR B SR X R N BB 2 4 i
NS RV I e N G 7 T 1 S B 7 LU= R
SHWD % i 4 | i 17 Ib %, # I SDD, Faster-RCNN,
YOLOv3-tiny. YOLOv4, YOLOv5n #1 YOLOvS # 7 %
L % L A5 SR gk 5 R,

RS HEXREBMEEER

Table 5 Comparison results with mainstream models

. P/ R/ mAP@ mAP@ &R/
ok % % 0.5/% 0.5:0.95/% fps
SDD 76.7 69.3 76.5 40. 8 11

Fasterr-RCNN 84.4 74.4  82.0 45.1 13
YOLOv3-tiny 80.9 71.7  78.1 42.3 57
YOLOv4  85.2 77.5 84.8 49.0 61
YOLOv5n  87.9 81.5 88.5 53.1 73
YOLOv8  89.6 84.1  90.3 55.5 81
KB 92,0 88.1 93.7 60.8 85

M35 AUE N, £ SHWD SR 4 b, A s ki
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T 2 52 B g 5ok A 0 S B P DL RO B BEOR AH X
YOLOv5n, YOLOV4, YOLOv3-tiny. Faster-RCNN, SDD
SRV S AR SR O B A G WG B T T 3R B 1 A DU
RE, HE— B UE A T A SCAT R Bk m p b . 2% BT IR, A

SCE BB EAL R EEAAE T AR B RS KT
BRI A B R] RE M L 08 T R T SR PR B T s
3.5 MR X8
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