¥39% 98 HL T 5 AR 2 4R Vol.39 No.8
- 156 - JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2025 4 8 J

DOLI: 10. 13382/j. jemi. B2508149

PGS-YOLO: —FZ B B MM AR E BRI MER

LA kg TR X kA
(1. NE RS R AL SR TR 3k 01401052 AL R EFAA B BR A Gl 4L 43k 014020
3. NS R RN TR sk 014010)

T8 OE AR TR E A SO, R T T (U R A P RS A (SR AT X A 2 T S A DA A B 2 BCRAK
MR ZR P R S 22 [, 2t ORIl T — ol o G ) A 3 T BB A I AR ( PGS-YOL.0) . B8, 5T AT N R % 1) PReLU
T PR, 3 L T 2 ) S 3 g R i AR B DX St DT R A A S A B B T M 5 LR K% Re-VGG LA €3, 147
BRI ALY Re-C3 MEHL , EARBIAL AT 2% IR R TR i — 204, 36T GELAN MZH AT T 231 G-GELAN FREH HL-
Al AR LAl A 2 RE 2R KA T G0 SUE B, 3858 AR TR S R [ 28 R B B B2 24 15 S 0S8 L e 0 s o), SR A i i iy
SCDown I RAEERAE , 208D AT 19 R B SRR & 19 = 5 B . #F NEU-DET B4 b i sSE g 25 RaR W B AH Lb 5L
RTS8 B 5 E (mAP) 3255 6. 7% , 355 79. 9% ; SH AR 5 5 29. 7% \27. 2% , WUERET: 2. 7% , BE 4P T 46x
MRS B R S0 RALZ MG &, HAh %8I 7E WF10-DET %3842 fl PCB_DATASET ¥4 330 B &F iz 1L %
T, S TR B T R, T A TR R HA N A

KR NIRRT BEEARI ; PPeLU ; 281k ; G-GELAN ; SCDown

hE 5SS TP391.4;TNI8 MHFRIRAS: A ERREFRSERE . 520.2060

PGS-YOLO: A lightweight and efficient strip surface defect detection model
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Abstract . Steel is the pillar industry of China, and its surface quality is the key to affecting the performance and price of steel. In order
to solve the problems of poor accuracy, low efficiency and high model complexity in strip surface defect detection, a lightweight strip
surface defect detection model (PGS-YOLO) was proposed and improved. Firstly, a more flexible PReLU activation function was
introduced, and the slope of the negative region of the input data was adaptively adjusted through the learnable parameters, so as to
improve the accuracy of the model to locate defects. Secondly, the Re-VGG is integrated into C3 to build a lightweight and efficient Re-
C3 module to reduce the complexity of the model and improve the computational efficiency. Finally, the lightweight SCDown
downsampling operation is adopted to reduce redundant calculations and improve the richness of feature fusion. Experimental results on
the NEU-DET dataset show that the mAP of the model is increased by 6.7% to 79.9% compared with the benchmark model. The
number of parameters and the amount of computation are reduced by 29.7% and 27.2%, respectively, and the FPS is increased by
2. 7%, which better balances the relationship between detection accuracy, inference speed and lightweight. In addition, the model shows
good generalization ability on both the WF10-DET dataset and the PCB_DATASET dataset, which meets the needs of actual engineering
deployment and is expected to have important promotion and application value in engineering applications.
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Fig. 1 Structure diagram of the PGS-YOLO model
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Table 2 Activation function comparison experiments
PG REL  mAP/% Parameters J5H/GFLOPs P/% R/%
YOLOvS 73.2 7026 307 15.8 64.6 71.3
MetaAconC 73.7 7425459 16.1 65.1 72.4
PReLLU 74.2 7026 364 15.8 65.2 74.3
Hardswish 73.9 7026 307 15.8 68.3 70.9
SELU 72.1 7026 307 15.8 64.9 69.5
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Table 3 Results of ablation experiments

Hinse A% PRelU  G-GELAN  SCDown mAP/%  Parameters 34 /GFLOPs P/% R/% Weights/MB

1 73.2 7 026 307 15.8 64.6 71.3 14.5

2 VvV 74.2 7 026 364 15.8 65.2 74.3 14.5

NEU-DET 3 78.0 5 588 347 12.0 70.4  74.3 11.8
4 Vv 76. 4 6 374 787 15.3 67.4 176.1 13.2

5 vV Vv 79.9 4 936 940 11.5 74.2  72.3 10.6

6 72.3 7 037 095 15.8 70.2  66.8 14.5

7 2 73.4 7037 152 15.9 72,4 69.2 14.5

WF10-DET 8 Vv 78.3 5599 135 12.0 76.5 73.2 11.9
9 VvV 75.9 6 385 575 15.3 74.6  73.9 13.2

10 vV 81. 4 4947 615 11.5 75.0  75.5 10.6

11 92.0 7 026 307 15.8 93.2  86.8 14.5

12 vV 93.0 7 026 364 15.8 92.8 85 14.5

PCB_DATASET 13 Vv 93.5 5588 347 12.0 94.1  90.3 11.8
14 vV 93.5 6 374 787 15.3 93.8 89.8 13.2

15 vV Vv vV 9.5 4 936 940 11.5 9.9 91.6 10.6
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Table 4 Comparative experiments of different models

A AP/% mAP/ % Parameters 1135 & /GFLOPs FPS/fps  Weights/MB
Cr In Pa Ps Rs Se
Faster R-CNN 36.5 78.1 93.2 835 60.1 9.6 73.8 136 791 449 200.9 28.3 113.6
SSD 30,0 68.6 86.2 74.9 71.8 62.4 65.6 24 414 218 137.9 52.0 97.7
YOLOv3-tiny 3.4  72.7 88.4 31.2 46.2 54.8 54.1 8 681 426 13.0 120.5 17.5
YOLOvSs 35.3 80.7 83.9 859 63.7 R89.2 73.2 7 026 307 15.8 68.5 14.5
YOLOv5s-GG-FPN 34.5 83.4 86.8 77.2 65.3 83.1 71.7 4 410 019 10.9 68.9 8.7
YOLOvSI 42.7 84.2 87.8 84.9 59.8 92.5 75.3 46 135 203 107.7 61.1 92.9
YOLOv7 43.1 83.3 87.2 8l.4 56.8 91.0 73.8 36 508 742 103.2 59.2 74.5
YOLOvS 44.2 852 851 91.1 642 91.0 76.8 11 127 906 28. 4 70.9 22.6
EHH-YOLOvS8s 46.3 86.7 90.6 91.4 65.8 92.3 78.9 7 002 683 15.6 71.3 16.7
YOLOv10 37.3  78.2 90.0 86.4 54.5 91.9 73.0 8 039 604 24.5 66. 7 16. 6
YOLOv11 37.6 86.6 91.4 91.4 61.5 90.7 76.5 9415 122 21.3 73.6 19.2
Hyper-YOLO 40.6 82.6 90.9 87.4 61.5 90.1 75.5 13 518 370 33.8 63.3 27.5
YOLOv12 35.9 85.8 90.4 885 63.1 92.9 76.1 9233 202 21.2 71.6 19.0
e 44.7 87.7 92.0 89.0 70.5 95.3 79.9 4 936 940 11.5 70. 4 10. 6
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Table 5 Experimental results for different datasets
TR/ FPS/
g S R mAP/%  Parameters N
GFLOPs fps
YOLOv5 72.3 7 037 095 15.8 64.7
EHH-YOLOvS8s 79.2 7013 471 15.6 66. 8
Hyper-YOLO 75.3 13 529 158 33.8 63.4
AL 81.4 4947 615 11.5 67.5
YOLOv5 92.0 7 026 307 15.8 66.7
EHH-YOLOvSs 94.2 7 002 683 15.6 69.2
YOLOv5-TDD 95.1 8 627 494 17.9 64.9
AL 94.5 4936 940 11.5 69.6
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