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MEA-YOLO: Steel surface defect detection via multi-scale

edge enhancement and attention fusion

Cao Wanli Xie Yukun
(School of Mechanical Engineering, Shandong University of Technology,Zibo 255022, China)

Liu Qiang Ma Yuanjie

Abstract: Steel surface defect detection plays a vital role in industrial quality control, yet complex textures and multi-
scale characteristics increase the difficulty of accurate detection. To address this, a lightweight detection network
named MEA-YOLO, based on multi-scale edge enhancement and attention fusion, is proposed. The approach replaces
the YOLOv11 backbone with StarNet to reduce computational complexity, introduces a multi-scale edge information
enhancement module combined with a dual-domain selection mechanism to strengthen boundary and contextual
features, and incorporates a spatially enhanced feedforward network in the detection head to improve fine-grained
recognition. Experimental results show that the proposed method achieves an mAP50 of 74.58% on steel defect
detection tasks, outperforming YOLOvlln by 2.01%, while reducing the number of parameters and GFLOPs by
14.3% and 10. 1%, respectively. Additional evaluations on the GC10-DET dataset further demonstrate consistent
improvements in both accuracy and inference speed, confirming the model’s robustness, generalization capability, and
suitability for real-time industrial inspection.
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Fig. 8 Visualization comparison of six defect types using different methods
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Table 2 Classification accuracy comparison of different detection models on the steel defect dataset %
AP
J7 ¥k mAP
Cr In Pa Ps Rs Sc
SSD 27.63 70.63 83. 17 79. 64 53.16 81. 87 66.02
FasterRCNN 36. 68 75.73 91.69 83.59 60. 49 80. 78 71.49
YOLOv5n 27. 39 72. 84 91. 26 81.29 63. 10 87.65 70.59
YOLOv8n 36.09 71.59 90. 46 82. 04 62. 04 88.03 71.71
YOLOvlln 34. 26 73.92 87. 17 83. 31 64. 84 91.91 72.57
YOLOvlls 35.79 74. 39 91. 60 83.21 62. 41 94. 14 73.59
AICTT 38. 67 76. 27 91.92 83. 87 64. 77 91.99 74.58

&4 SSD 7 K £ K028 5 b A9 A TR B I i R R, TE29] Cr FAYRIKARZIR . YOLO 2 514 5 ] 75 i 7
mAP50 1R 66. 02% , MELLWE B B 245 5 7K . Faster R- 5K Z S T - F 4. o YOLOvIIn 5 mAP50
CNN 752 (5085 B FA 2 T, mAP50 5 8 71, 49% ,{H H: H72.57%,YOLOv11s Mgk — 242 73.59% , ML=z

. 28 .
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Fig. 11 Comparison of different methods in precision,

recall, and mAP50
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Table 3 Complexity comparison of different detection models
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LT 74.58% 1) mAP50,% YOLOv11n 27} 2. 01%, Hit
B S5 S8 AR, 780 R 9 T s 5 92 .

2)GC10-DET %442

Sy itk — 25 B TEAR Y [ 37 Ah R AR SCHE 4R M 3R T B B
KR AELE GC10-DET Edb4T T4 L 8. 3% S dh 4k
A F Tl Az 77 v 10 255 i 2 T Bl B , 20 3 22 57 KL A I
PR H bR R B R A, XA DU R ()RR IE R A BE T S
B tEim TH 2K,

PEREXT L2 Sk 4 iR, &Mk SSD 5 Faster
R-CNN 27 FR T 7% J2 FRAF 2% 35 sl 4 2L 3 . mAP50 43 31 K
64. 99 Y6 F 68. 27 %6 , ME LIRS 580 % . ik YOLO
FOF A 5L B PE R B, H b YOLOvlln BUAS
69. 85% 1) mAP50 5 213 fps,{H7E & ZL Bl A _E A FEAE
— BT 0L s YOLOv1 s BB H A 25 4% BE L 3 P B 50 41
PR, B IR TR, ML R ACIRB W
MEA-YOLO #£ GC10-DET LS8 T 71.28% A9 mAP50
55 237 Ips W HESE B B L A6 BTG X bUAE Y o [ B 3R A5 T
KR SIS, HPERRSE T AR 25 T StarNet £ T
FEARIUATTT 3 &, 2 R i 2 34 sl A He MISEILE 58 1k 410k
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Table 4 Detection performance of different models on
the GC10-DET dataset

i mAP/ % GFLOPs Parameters/M
SSD 66.02 30. 68 24.4
Faster RCNN 71.49 37.54 28.3
YOLOv5n 70.59 2.23 5.9
YOLOv8n 71.71 3.18 8.9
YOLOvlln 72.57 2.58 6.3
YOLOvlls 73.59 9.42 21.3
AR Tr ¥ 74.58 2.32 5.4

Ji mAP/ % FPS
SSD 64.99 21
Faster RCNN 68. 27 16
YOLOv5n 69. 36 231
YOLOv8n 67. 83 173
YOLOvl1n 69. 85 213
YOLOv11s 68. 32 71
AR SCTT 71.28 237

ATAALZE B 1 12 FF R, YOLOvlln 75 £ 25 bl -
B B A R U e A5 I A, R e L o 55 3 4% 5 ARG B G
FARIFIAN . A2 F . MEA-YOLO B30 R 1 EHE
A IR A 3 S LSRR, TR R T B R Gk
5 5 7 Al A AL A SR 0 RIS E R T
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