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Goggle Wearing Detection Algorithm Based on Improved YOLOVS5
NIE Zhuangzhuang, WANG Jun, HUANG Xiangxiang
School of Computer and Information, Anhui Polytechnic University, Anhui Wuhu 241000, China

Abstract: Objective In response to the problems of low efficiency in manual inspection and the inability to effectively
ensure the eye safety of personnel in hazardous environments such as chemical laboratories and factories, this study aims to
address these issues in the detection of goggles wearing. Methods Firstly, a dataset for goggles wearing detection was
constructed, including four real-scene images and a portion of data obtained by web crawling. By means of data
augmentation, the original dataset of 3383 images was expanded to 5462 images to form the final dataset, ensuring the
balance of sample quantities and effectively preventing the problem of low model accuracy caused by sample imbalance.
Then, an improved YOLOVS object detection algorithm was proposed to automatically detect the wearing status of goggles.
In the YOLOvS algorithm, an SPD small target detection module was added to completely eliminate the stride convolution
and pooling operations that lead to information loss in traditional convolution modules, allowing the network to retain more
information. Subsequently, a coordinate attention mechanism was introduced to address the problem of ineffective
extraction of neighboring position relationships caused by the addition of SPD. Moreover, the original loss function was
replaced with the SloU loss function to effectively solve the IoU calculation problem when the real box and the target box

contain each other, reducing the degrees of freedom in calculations, decreasing the model’ s computational complexity,
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and improving model accuracy. Results Experimental results on the goggles wearing detection dataset show that the

improved YOLOvS model has an average precision of 72. 7% on the goggle wearing detection dataset, which is 5. 6%

higher than the average precision of the original YOLOvS5 model on the same dataset. Conclusion This model realizes the

basic detection of goggles wearing status in complex environments.

Keywords: goggles wearing detection; data augmentation; object detection; SPD; coordinate attention mechanism
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5 Z from module arguments
0 -1 Focus [64,3]
1 -1 Conv [128,3,1]
2 -1 space_to_depth [1]
3 -1 C3 [128]
4 -1 Conv [256,3,1]
5 -1 space_to_depth [1]
6 -1 C3 [256]
7 -1 CoordAtt [256]
8 -1 Conv [512,3,1]
9 -1 space_to_depth [1]
10 -1 C3 [512]
11 -1 CoordAtt [512]
12 -1 Conv [1024,3,1]
13 -1 space_to_depth [1]
14 -1 C3 [1024]
15 -1 CoordAtt [1024]
16 -1 SPPF [1024,5]
17 -1 Conv [512,1,1]
18 -1 nn. Upsample [ None,2,nearest |
19 [-1,10] Concat [1]
20 -1 C3 [512,False ]
21 -1 Conv [256,1,1]
22 -1 nn. Upsample [ None,2, nearest |
23 [-1,6] Concat [1]
24 -1 C3 [256,Fales |
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Fig. 10 Plot of training loss function variation
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Table 4 Table of comparative experiments

A Nerrops BHF RN VRS EEES F, mAP. 5 Ry, /Ips
Faster—RCNN 322.33 44. 14M — — — 0. 622 22.3
Cascade—RCNN 350.12 68. 94M — — — 0.714 19. 4
YOLOv3 310. 29 61. 55M — — — 0. 506 54.0
YOLOvS5s 15.8 ™ 0.614 0. 588 0. 600 0. 583 71.4
YOLOv5_SPD_CA 107.7 53. 65M 0.728 0.711 0.719 0.727 35.44
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Table 5 Comparison table of ablation experiments
B SloU SPD CA MRS RcACE S F, mAP. 5 R,/ Tps
YOLOvS5I1 X X X 0. 709 0.631 0. 668 0.671 44. 66
YOLOv51-SIoU Vv X X 0.712 0.68 0. 696 0. 681 44. 02
YOLOv5-SPD X vV X 0. 743 0. 668 0.703 0. 632 35.92
YOLOv5-SPD_SIoU Vv vV X 0.74 0. 693 0.716 0. 708 34.64
YOLOV51-SC vV vV vV 0.728 0.711 0.719 0.727 35.44
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Fig. 11 Test results of experimental scenarios
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