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Abstract

With the steady improvement of solar photovoltaic technology, its performance and stability and
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other indicators will directly affect the efficiency of the system. However, in the production of pho-
tovoltaic cells, there are often various defects, which may lead to reduced power output, shortened
life, and even seriously affect the safety and reliability of the system. Traditional defect classifica-
tion methods of photovoltaic cells mainly rely on manual feature extraction and manual classifica-
tion, which has low efficiency and low accuracy. In order to solve this problem, a deep learning-
based defect classification method for photovoltaic cells is proposed in this study. In this paper, four
different deep learning models, ResNet-18, ResNet-34, ResNet-50 and VGG-16, were selected as re-
search objects, and targeted improvements were made to the different models. Then, through care-
ful experimental Settings and strict evaluation criteria, the effects of these improved models on the
task of photovoltaic cell defect classification were compared. The accuracy, loss function and con-
vergence rate of the model are compared and analyzed to find out the most suitable network model
for defect classification of photovoltaic cells. It provides important support for quality control and
fault diagnosis during the manufacturing and operation of photovoltaic cells. In the future, the al-
gorithm performance will be further optimized to explore more efficient and accurate deep learn-
ing models, and combined with practical application needs, to promote the wide application and
promotion of this technology in the field of photovoltaic cells.
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Figure 1. VGG-16 output layer structure
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Figure 2. Improved VGG-16 model
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Figure 3. ResNet-18 output layer structure
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Figure 4. Improved ResNet-18 model
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Figure 5. Improved residuals block structure diagram
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Figure 6. Image example
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Figure 7. The amount of image data before data enhancement
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Figure 8. The amount of data after data enhancement
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Figure 9. The number of images for each training set and test set
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Figure 10. Evaluation index of VGG-16 network model
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Figure 11. Evaluation index of ResNet-18 network model
11. ResNet-18 MI4E 1R BTN 6 R

ResNet-18 W4 5 (SR (R P A Fi b 1<) 11 Fras, AR M HEAf SR AE IR AR B 1) 700 IR e 45 TP A,
PR R BAE LA IR EUS B 3300 kA2 A ka TP Re,  HAEA BT I ICSIoRs B2 DL S HERF B2
3) ResNet-34 i £ 187

test_accuracy test_f1-score
= ResNet-34 5 = ResNet-34 v
0.95 0.95
0.9
0.9
0.85
0.85
0.8
0.8
0.75
0.7 0.75
/ Step Step
1k 2k 3k 4k 5k 1k 2k 3k 4k 5k
test_precision test_recall
— ResNet-34 o — ResNet-34 $
0.95
0.95
0.9
0.9
0.85
0.85
0.8
0.8
/ Step 0.75 Step
1k 2k 3k 4k Sk 1k 2k 3k 4k 5k
test_loss
— ResNet-34 v
0.8
0.6
0.4
0.2
Ste
0 P
1k 2k 3k 4k 5k

Figure 12. Evaluation index of ResNet-34 network model
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Figure 13. Evaluation index of ResNet-50 network model
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Figure 14. Evaluation index of four kinds of network models
14, FhER BRI FEHR

Table 5. Network model evaluation index specific data

5. MBEENTN IR R A IR

g R HERIZE (AC) BREH FEHZE(Pr) BAEZE(Re) F1 Score
VGG-16 87.86% 31.41% 89.41% 88.73% 87.80%
ResNet-18 96.97% 12.05% 97.88% 96.74% 97.20%
ResNet-34 97.08% 12.24% 97.99% 96.96% 97.38%
ResNet-50 97.08% 12.51% 98.19% 97.01% 97.50%

VURH I 28 B FOVEAN S bR 5] 14 P, BARBEE 04 5 iR VGG-16 FERYFEHEREE LA 4 2K bR 4
SESRARAE AR A L 4R 1% . ResNet-34 5RUAH bt HC AR 7Y LA 50 vy PR 10 B2 LA S LR R GBI
JE, AER RSO FE 2 R 2 3] 56 R BT = A2 930 . ResNet-50 A5 7 BLAR BLAT AR o (A vHERA B, (H R AR IR St
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Figure 15. Example of classification effect
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