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Electroluminescence defect image augmentation method of
solar cell based on cycleGAN
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Abstract: In order to solve the problems of insufficient training images and poor quality of generated
images in the automatic recognition research of electroluminescence (EL) defects in photovoltaic
modules, the solar cell EL defect images are generated by using the cycleGAN, and the generated images
are compared with the images generated by the representative DCGAN. The captured EL. images are
classified and performed data augmentation to form a training set. Next, cycleGAN and DCGAN are
trained using training set. Finally, a detailed comparison is made between the generated images of the two

models from three perspectives: effectiveness, similarity and diversity. The experimental results show

e B 83 : 2023-07-04; #&1T B #§ : 2023-07-31.

ESWE : [H 5007 B8 BLA R FH R (No.2021MK050)
Supported by Science and Technology Plan of State Administration for Market Regulation of China
(No0.2021MKO050)

#1# {515 & A, E-mail: 31510776 3@qq.com



1058 W5 Bos 55 39 %

that the proportion of effective images generated by cycleGAN is significantly higher than that of images
generated by DCGAN. Compared with captured EL. images, the images generated by cycleGAN have
extremely high sensory similarity, making it difficult to distinguish them through the human eye. The
FID indicators of the images generated by cycleGAN are significantly lower than images generated by
DCGAN. The classification model trained with images generated by cycleGAN achieves a 93.45%
accuracy rate on the test set composed of captured EL images. When a small number of captured EL
images are included in the training dataset, the accuracy is improved to 98.26 %, significantly higher
than that of DCGAN. Finally, the average MS-SSIM indicators of images generated by cycleGAN
are significantly lower than that of DCGAN. The use of cycleGAN is an effective method for data

augmentation of solar cell EL images, which is significantly superior to DCGAN in terms of

effectiveness, similarity and diversity.
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Fig. 7 Grayscale gradient distribution of generated images. (a) False soldering; (b) Cracks; (c) Fragments; (d) Grid failure.
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Tab.3 FID indicators

i [ 2 cycleGAN DCGAN
i 4 156 375
[SEL 142 366
% £ 292 474
il 144 292
3.2.3 HRBAKE

T — A A BRI X L cycleGAN Al
DCGAN T A 1 EL B A 55 Br 85040 1 58 07
WA IR o B S AL 0 P 9 BT s B R S B Y 1)
Rl 2K i A (071 A BB 1 EL B AT 40 26
e LE FALE AT, 4300 g j AR Bk A R AR
e B 25 3 0 e A AL AR B EL R AE S I 2
£ A7 32 000 5K EL B, Hovh 4 Ffr e i 268 20 45
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Fig.9 Structure diagram of classification model
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Tab.4 Composition of data used for model training

LY pIES MR 1 MRS 2
cycleGAN 32 0003k (R BRFEIEAI 8 0005K) 400 7K (FEFPBLIAZE AL 100K ) 6 196 3k (BRBE A 43 A in 2 1)

DCGAN 32000 5k (& FlBe 258 8 000 5K )

400 5K (AP B FEZE R 100 5K ) 6 196 5K (BB B /0 A 032 1 R )

Y2k 58 UG 3T & R & I HERR 5, 45 3 n
FKS5FR. NWESTTLLEH X F 2R H cycle
GAN 1 DCGAN Jit 4= it 1) EL BRI 25 19 53 26
TR H g 2 G 4B 0 o B SR AR A 31 99. 99 % .
WA 1A R 2 5 0 25 4 vl i R B o BT, )
135 F 99.50% H199. 75% ; 1 I ik 4 2 Y oE
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D AR 109 o o 230 5 11 2 4 0 o B R A 22 10K
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Tab.5 Accuracies of model %

i Y 2 4E M4 1 A4 2
cycleGAN 99.99 99. 50 93.45
DCGAN 99.99 99.75 92.50
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Tab.6 Accuracies of model %

i RS A5 3
cycleGAN 99.99 98. 26
DCGAN 99.99 98.08
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Tab.7 Number of images in each generated image set
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Fig. 10 MS-SSIM curves. (a) False soldering; (b) Cracks; (¢) Fragments; (d) Grid failure.
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