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Steel Surface Defect Detection Method Based on Semi—Supervised Learning

CAO Keyan"?, ZHU Yuandi', WANG Xinlei', WANG Zhongyang'

(1. School of Computer Science and Engineering , Shenyang Jianzhu University ;
2. Liaoning Province Big Data Management and Analysis Laboratory of Urban Construction, Shenyang 110168, China)

Abstract: To reduce the significant costs caused by the labeling of steel material data and the reliance on labeled data, and to solve the diffi-
culties in detecting non—standard shapes of steel surface defects, many of which are small, a semi—supervised learning—based method for steel
surface defect detection, named STD model, is proposed. Firstly, a feature extraction module is designed to enhance the framework’s ability to
recognize irregular shape targets, allowing the model to focus on key information; secondly, a spatial deep convolution enhancement model is
introduced to improve the detection ability for small targets and low-resolution objects, optimizing traditional 2D convolution; finally, a small
target detection head is designed to enhance the model’s accuracy in identifying minuscule targets to accurately capture tiny objects. Testing on
the NEU-DET public dataset shows that the proposed model achieves an mAP@0.5 of 62.2% with a parameter size of 12.40 MB, outperform-
ing other semi—supervised learning models in terms of performance and being more lightweight, making it suitable for deployment in industrial
production.
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Fig.1 Common steel surface defects
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Efficient Teacher 58.4 26.9 6.42 6.6
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Soft Teacher 57.3 25.5 41.40 29.7
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Yolov11s'® 59.9 29.3 9.43 9.9
Ours 62.2 29.5 12.40 10.0
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Fig. 9 Training and test loss function curves
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Table 2 Results of the learning rate ablation experiments

®2 FIEBBIRER

Ir mAP@0.5/% mAP@0.5:0.95/%
0.01 60.5(-1.7) 28.2(-1.3)
0.001 62.2 29.5
0.000 1 60.7(-1.5) 28.5(-1.0)
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Table 3 Results of the batchsize ablation experiments

x3 UBR/NHBIEER

batchsize mAP@0.5/% mAP@0.5:0.95/%
4 59.9(-2.3) 28.2(-1.3)
8 60.8(-1.4) 28.6(-0.9)
16 62.2 29.5
32 61.2(-1.0) 28.8(-0.7)

R4 RNBEEANR ] 2 BT KSR ARSI l=
0.1.72=0.8, 3= ZL il 2 7 72 SR 8 B AT A5 DA A 25 1 B4 .
i AT, 24 22=0.6 B, mAP@0.5 5 60.7%; 24 v2=0.7 It} ,
mAP@0.5 4 60.8% , Ji [H by 72 (i /NG R BUH 2 M A5 1)
Phtndsat 2 BRI iR 2 TR B Ml 2k, M 2=
0.9 i}, mAP@0.5 4 60.6% , i A 8 w2 {3 K2 5 3wk bric
SR AT A O AR 2 5t 2ok 2D DU R AIG T 452280 (1) ¢ 2] fig 07 il
Ak

Table 4 Results of 71 and 72 ablation experiments
£4 712 HBRRLER

7l 72 mAP@0.5/% mAP@0.5:0.95/%
0.1 0.6 60.9(-1.3) 28.4(-1.1)
0.1 0.7 61.1(-1.1) 28.7(-0.8)
0.1 0.8 62.2 29.5

0.1 0.9 60.8(-1.4) 28.5(-1.2)

K5 NS BN LIR SR . AR N=3, /1]
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Table 5 Results of the A ablation experiments

®5 AHMIBER

A mAP@0.5/% mAP@0.5:0.95/%
1 58.8(-3.4) 27.2(-2.3)

2 60.9(-1.3) 28.0(-1.5)

3 62.2 29.5

4 59.8(-2.4) 27.6(-1.9)

3.4 HEREIS
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Table 6 Results of the ablation experiment

F6 HELBER

Model Model structure mAP@0.5/% mAP@0.5:0.95/%
A Efficient Teacher 58.4 26.9
B A+SPDConv 60.0(+1.6) 28.3(+1.2)
C B+SimDec 61.5(+1.5) 29.1(+0.8)
D C+Extreme tiny detect head 62.2(+0.7) 29.5(+0.4)
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Fig. 10 Attention mechanism visualization heatmap results
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Fig. 11 Detection results of the proposed method and baseline
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