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(Development of a Steel Plate Surface Defect Detection System
Based on Small Data Deep Learning)
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(Abdulaziz Gaybulayev, Na-Hyeon Lee, Ki-Hwan Lee, Tae-Hyong Kim)

Abstract :

Collecting and labeling sufficient training data, which is essential to deep learning-based visual inspection, is

difficult for manufacturers to perform because it is very expensive. This paper presents a steel plate surface defect

detection system with industrial-grade detection performance by training a small amount of steel plate surface images

consisting of labeled and non-labeled data. To overcome the problem of lack of training data, we propose two data

augmentation techniques: program-based augmentation, which generates defect images in a geometric way, and

generative model-based augmentation, which learns the distribution of labeled data. We also propose a 4-step

semi-supervised learning using pseudo labels and consistency training with fixed-size augmentation in order to utilize

unlabeled data for training. The proposed technique obtained about 99% defect detection performance for four defect

types by using 100 real images including labeled and unlabeled data.
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Fig. 7. Sample Defect Images Collected (Black Spot, White
Spot, Stain, Scratch)
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Fig. 8. Sample Defect Images Generated by the Program
(Black Spot, White Spot, Stain, Scratch)

Fig. 9. Sample Defect Images Generated by the Generative
Model (Black Spot, White Spot, Stain, Scratch)
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Table 2. Evaluation Method of Inference Outcomes

Verdict Condition

For an predicted defect, when there is a

TP corresponding actual defect with the same defect type,
and the IoU of the actual and predicted bounding

boxes is greater than or equal to the threshold

For an predicted defect, when there is no
FP corresponding actual defect with the same defect type,
or the IoU of the actual and predicted bounding
boxes is less than the threshold

For an actual defect, when there is no corresponding
predicted defect with the same defect type, or the IoU|

FN of the actual and predicted bounding boxes is less

than the threshold

H 3 2 4Y HO|HZE AIM &t5E 2o Y
(f1-score)

Table 3. Performance Comparison Between Pretrained Models
with Each Generated Data (f1-score)

Generated Black | White
Data Type Spot Spot

Program
Based 9648 | 9758 | 9672 | 94.69 | 96.93

Generative
Model Based 9770 | 9880 | 9950 | 94.30 | 93.30

olr

H|m

Overall Stain | Scratch

H 4 stE DU oY Z& HE Ms (fl-score)
Table 4. Step-by-Step Defect Detection Performance of the
Trained Models (f1-score)

Black | White
Overall Spot Spot

Step 1 | 97.70 98.80 99.50 94.30 98.30
Step 2 | 9791 98.83 99.61 94.62 98.60
Step 3 | 9791 98.83 99.61 94.62 98.60
Step 4 | 9899 99.30 99.41 98.29 99.30
Test 98.9 99.30 99.41 98.29 99.30

Stain | Scratch
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