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Abstract

In the application of defect detection classification, the method of deep learning has gradually be-
come the mainstream and has become the method of general choice, which has the advantages of
speed, high efficiency and high accuracy, but at the same time it also requires a large amount of
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defect data for model training, and in the actual scenario application, it is difficult for us to obtain
a large number of defect data. Therefore, in order to increase the type and number of mobile
phone defect detection datasets, a method based on mathematical parameter equations to simu-
late the generation of image data is proposed here, a large number of defect screen data is gener-
ated, and finally the usability of this dataset is verified by deep learning, and the model training
results using the generated data set are improved by 1.23% by comparing the classification re-
sults of real data and generated data.
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Figure 2. Schematic diagram of image division
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Figure 4. Renderings of linear defects
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Figure 5. Renderings of block defects
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Figure 6. Flowchart of the generation algorithm
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Figure 7. Filtering for denoising
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Table 3. ResNet50 network structure

5% 3. ResNet50 L& 254

LRSI b R 50 )2
77, 64, SKN2
Convl 112x112
RKLZE, BKAN 2
1x1,64
Conv2_x 56 x 56 3x3,64 |x3
1x1,256
[1x1,128
Conv3_x 28x28 3x3,256 |x4
| 1x1,512
[1x1,256 ]
Conv4_x 14x14 3x3,256 |x6
| 1x1,512 |
[1x1,512 ]
Convs_x =7 3x3,512 |x3
| 1x1,512 |
1x1 AL R, fcd, softmax

431 AZBTWERINGER

AR TE B G TR R 0E 420 5, 70 NI ZR4E 294 3k, IAEE 106 7K. BhFEEdEIL 380 7k,
Hodr S Bpf 116 5K, 2R 144 5k, Hbff 120 k. % 4 HESEEEE RD 78 ResNet50 4% I )5 1

453, 1518y ResNet50 7t RD b4 b ITRE FEFE .

84 0 0 5 94.4%
A%
16.0% 0.0% 0.0% 1.0% 5.6%
B2k 2 77 1 1 95.1%
0.4% 14.7% 0.2% 0.2% 4.9%
@) ,
s C¥% 0 0 83 2 97.6%
g 0.0% 0.0% 15.8% 0.4% 2.4%
)
D 0 0 0 270 100%
0.0% 0.0% 0.0% 51.4% 0.0%
97.7% 100% 98.8% 97.1% 97.9%
2.3% 0.0% 1.2% 2.9% 2.1%
AZ B# (=5 D
Target Class

Figure 8. Confusion matrix
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Table 4. Training results on RD
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