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Defect detection of small targets on steel surface based on
self-attention feature fusion

Feng Fujian'* Luo Taiwei'” Tan Mian'> Wang Xiaomei'* Wang Yueji'~*
(1. School of Mathematical Sciences and Information Engineering, Guizhou Minzu University,Guiyang 550025, China;

2. Key Laboratory of Pattern Recognition and Intelligent Systems of Guizhou Province, Guizhou Minzu University, Guiyang 550025, China)

Abstract: In addressing the issue of ineffective extraction of rich defect features for small-scale surface defects on steel
due to their low contrast and small proportion, this paper proposes a solution for small-target defect detection.
Leveraging the relationship between contextual information integration and enhanced feature fusion, we introduce the
following approaches: incorporating the sliding window mechanism Swin Transformer, which integrates feature
information from different blocks hierarchically and through local windows to enhance the contrast of defect features
while reducing convolutional operation density; the model employs Coordinate Attention to obtain more positional
information. enhancing the diversity of features related to small-target defects. Additionally. we propose the steel
surface small-target defect detection model SFNet based on self-attention feature fusion, integrating features with richer
semantic information across different scales using the CSP-FCN feature fusion module. Experimental results
demonstrate that SFNet achieves superior detection performance on the NEU-DET and GC10-DET public datasets
compared to current classic object detection models. Furthermore, the proposed model achieves an average precision
improvement of 3% and 3. 7%, respectively, while reducing the parameter count to half of its original size.

Keywords: steel surface defects;small target defect detection; Swin Transformer; position information;feature fusion
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Swin Transformer structure
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Fig. 5 Steel surface defects of NEU-DET dataset
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Table 1 Comparison of detection accuracy on NEU-DET %

LAY mAP cr in pa ps rs sc
EfficientDet™" 70. 1 45.9 62.0 83.5 85. 6 70. 7 73.1
Faster-RCNN"" 72.3 42.9 67.9 84.9 79.1 68.8 89.9
YOLOv3 72.3 36.9 80. 2 90.0 71.5 63.3 92.7
YOLOv5 74.4 37.1 84.7 93 75 67 89. 3
YOLOv8 76. 1 45.7 90. 6 85.5 82.5 76.8 95.8
SEFNet 77. 4 50.8 88.2 96.7 77.8 60. 7 90. 3
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Table 2 Comparison of detection accuracy on GC10-DET %
gl mAP pu wl cg ws 0s ss in rp cr wi
YOLOv2 43.3 72.5 32.8 81.9 47.6 40. 3 47. 3 9.6 1.8 19.2 80.5
Faster-RCNN"™ 62.7  89.9 55.4  87.2  59.9 65.3  57.9 19.4  36.4 73.6  81.8
EDDN™ 65.2 90. 0 88.5 84.8 55. 8 62. 2 65.0 25.6 36. 4 52.1 91.9
YOLOv8 65.3 88 86. 3 94. 2 7.4 70. 3 50. 8 39.7 20.7 34.4 91. 8
YOLOVS 66. 1 97.6 80.1 96. 2 78.7 73.5 65.2 22.7 1.32 62.6 83.5
SENet 69.8 96. 8 91.1 95.7 81.1 78.3 70 26. 2 1. 68 66. 1 90. 8
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Table 3 Comparison of model complexity

HL Params/M  GFLOPs/G  Weight/MB
SSD 24. 01 63. 1 91. 6
Faster R-CNN 28. 39 77.2 108. 4
YOLOv3 61. 60 155. 2 234. 8
YOLOv4 64.03 141. 52 244. 0
YOLOv5 7.03 15.8 14.5
YOLOVS 11.12 28. 4 22.5
SFNet 3.93 13.2 8.3
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Table 4 Ablation experiments on NEU-DET

Swin-Transformer CA CSP-FCN P/% R/% mAP/%  Params/M GFLOPs/G  Weight/MB
— — — 69.7 70. 5 74.4 7.02 15.8 14.5
N/ 72.0 71.7 75.3 3. 34 11.7 7.1
N 67.5 73.9 75.2 2.09 5.1 4.6
N 74.2 71.9 75.5 9.32 21.7 19.1
N N N 73.0 74.0 77.4 3.93 13.2 8.3

gk 4 FoR  7E R R P R ] Swin Transformer #2350 PR AR T I A e 3 AR R UK B P 342 & T 2. 290, 3
JE R TE R R LR TRAMEA, SRR EEIER A CSP-FCN FHE @l A B 5k 1 05 AF R R 4
BB RERM 1/2, XEBHFTHEH T REMAESiE  FERSE TP RS TEEFEWREER. &6 1m 3
A£k AEE NS, BEAELSRUFENAEEG, R For£E)E . SFNet 38018 T 5w 00K 00 12 O BB R 2 40
WA BEENBREEE, Mo ABRERZNISE BERAE & OB E 2208 MRN8 20 0%, 5280 T A
BARPERE A TR T, UL B AL AR S A A B X R EE AT AR AR A SO A
B, BARAERIR b R HBR LA B E N B A R AR RS R T il — 2 A SO R AR Y i ARt A GClo-
Btk CSP-FON J& BRI S 80 T R 22 B LA R B RLA DET £l 4 LTI Rl 9250, SEg 45 sk 5 Fios .
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Table S Ablation experiments on GC10-DET

Swin-Transformer CA CSP-FCN P/% R/% mAP/%  Params/M GFLOPs/G  Weight/MB
— — — 66. 4 63.2 66. 1 7.03 15. 8 14. 4
N 71. 8 65. 4 68. 0 3.35 11.7 7.0
N 69.9 66.3 69. 5 2.10 5.1 4.5
J 65. 7 64.8 67.0 9. 30 21.6 18.9
N NG NG 68.9 67.4 69.8 3.93 13.2 8.2
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