E 1M Mo B AR F W Vol.40 No.1 2026

2026 4F 5 40
( J1) JOURNAL OF TEST AND MEASUREMENT TECHNOLOGY (Sum No. 175)

S 175

NERS: 1671-7449(2026)01-0001-09 J. Test Measur. Technol., 2026, 40(1): 1-9.

E F 3 YOLOVS B $X 47 3= T &R B 46 i

Z= 2 5, INF
CILPER2: Py 7 T RE2ERE, thvg KJE 030006)

EOE L RN R T A A TP A A SR R IS 22 00 L RS I R | A TR A R AR RE TR R
SEPRAL, R T R R iSRRI R, v 4O CGP-YOLO. 56, fE Neck#), i H N A&
FEMF 41 (Content-Aware Reassembly of Features, CARAFE) &t E 4RI (B 5 1, Mo T L RAERRAE & H
B HOIR BN | 4075 T E SRR Yk, 7F Head W51 A 42 J5) 7 & J1#L i (Global Attention Mechanism,
GAMD , 3 o I8 45 38 18 12 [ARRAE (9 52 B0 T AL RAEBE T 5 )5, 51 AT Ze 244 4 {5 8. (Program-
mable Gradient Information, PGDAEH , i i H 22 256 Bh 5 B 411525 4 G R [R] RUBE IARAE , A R0 e T 4%
AT AS [a) ROBE S b SO ME . SR GRS AH EL , 5095 CGP-YOLO thRg B & 48 7, P i E A3 T
80. 8%, i TR 3. 6 AT Ao

LA . YOLOVS; MR M BARI ;. N RARHMEEL ; &g Nl TR EE R

RESES: TP391 XEKARIRAD: A DOI: 10. 62756/ csjs. 1671-7449. 2026002

SIS0 225800, PNT . 2R Tk YOLOVS BB SR SRR N [T ], AR %4, 2026, 40(1): 1-9.
LI Haoxuan, SUN Yuxiang. Steel surface defect detection based on improved YOLOvS8[J]. Journal of Test and
Measurement Technology, 2026, 40(1): 1-9.

Steel Surface Defect Detection Based on Improved YOLOvS

LI Haoxuan", SUN Yuxiang
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: To address the challenges of multiple defect types, large size span, low detection accuracy and
insufficient model generalization ability in steel surface defect detection, an improved steel surface defect
detection algorithm named CGP-YOLO is proposed in this paper. Firstly, in the neck part, content-aware
reassembly of features (CARAFE) is used to replace the nearest neighbor interpolation operator, which solves
the problems of the block-like effect and serious detail loss in the upsampled feature map. Secondly, the global
attention mechanism (GAMD is introduced before head, which enhances the representation ability of the model
through the interaction of regulatory channels and spatial features. Finally, the programmable gradient
information (PGI) module is introduced to gradually integrate features at different scales through its multi-level
auxiliary information components, effectively improving the sensitivity of the model to defects at different
scales. Compared with the original algorithm, the performance of CGP-YOLO is significantly improved, and
the mAP reaches 80. 8% , which is 3. 6 percentage points higher than the original algorithm.
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Tab.2 Comparative experiment of different upsampling

methods
FiA P/% R/% mAP/%  F/(i-sh) Z¥dE/M
Nearest 77.1 68.1 77.2 204 3.01
Bicubic 76.7 69.4 76.4 204 3.01
Biliinear 77.8 72.3 78.6 147 3.01
CARAFE 72.2 74.0 79.2 169 3.15
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Tab.3 Improvement of attention comparison experiment

LAY P/% R/% mAP/ % F/(i-s 1) 20 /M
Baseline+ CARAFE+SimAM 75.8 71.5 77.5 161 3.14
Baseline+CARAFE+SE 74.7 73.2 78.7 129 3.14
Baseline-CARAFE+MPCA 76.0 72.0 77.0 175 3.56
Baseline+ CARAFE+GAM 68.5 72.2 79.7 167 3.72
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Tab.5 Result of comparative experiments

iR mAP/Y%  BHE/M iHE R /GFLOPs
Faster R-CNN 58.3 43.87 202.8
SSD 63.1 12.94 14.9
YOLOv3-Tiny 50.9 8.68 12.9
YOLOvV5s 76.6 9.11 23.8
YOLOvS8s 77.2 11.12 28.4
YOLO10n 73.6 2.27 6.5
YOLO11n 77.2 2.58 6.3
YOLO11s 78.6 9.42 21.3
SCER[21] 74.1 13.60 34.9
ScER[22] 80.3 7.45 11.0
CGP-YOLO 80.8 3.72 9.4
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Tab. 6 General comparison experimental results
R P/% R/% mAP/ %
YOLOvVSn 60.7 58.5 60.1
CGP-YOLO 66.4 60.1 63.6
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