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(1 AR EA TR 25 B B FOGAR = i i o0, R #@ M 350003; 2. fR 24 RE R T 2 s S0 36 =, R 2 RN 350003)
¥ B AP E R R R Ak (electroluminescence, EL ) 4t 14 A 3042 30 i 42 & 9 48 B A K
R B A I A0 19 AL R R IR R B AR AR R AT 4L M % ( deep convolutional generative adversarial
networks, DCGANs ) A & T4 4 B ey ¥ 7 AR A4 EL B4, R A 2 R E 4 a0 E ( mult-
scale structural similarity, MS-SSIM ) 35§ #7 3t Z& s #9 EL B % 5 444 49 EL B 1% 2 18] 69 48 A2 B 3 47
TRAE ., A6 RAFF), 42 A DCGANs 4 R 69 T A £ A ¥ 7 kR4 69 EL B 1% 5 #4% 49 EL B
1% 45 MS-SSIM #5 #7 %8 K T 0.55, K3 %49 MS-SSIM 1A £ 0.7 WL, 24 R AR ah )| 42 P,
REREHEEENGETERBEKTAE T Z, G4 R B HF A 5] 6000 5K AT, ml X 4 o4
By K B) 97.92%. 545 R AU, KA DCGANs A8 45 & m % i & BT 45 4) & 1 69 F 1 K 84
EL A%, 535 s i e B S Dl A AE K i 3 B0 eg A S AP AL
X478 KA AAE BT % (DCGANSs); % 8 & K (EL); % RE 4 #Aadl ke (MS-SSIM); A 2 I 25
& 4y 26 5: TN206 MRRFR SR A DOI: 10.5768/JA0202344.0202003

Electroluminescence image enhancement technology of half-cut
photovoltaic module based on DCGANs

HE Xiang'”?
(1. National PV Industry Measurement and Testing Center, Fujian Metrology Institute, Fuzhou 350003 China;
2. Fujian Key Laboratory of Energy Measurement, Fuzhou 350003, China)

Abstract: Aiming at the problem of model overfitting caused by insufficient training samples in the automatic
identification process of electroluminescence (EL) defects for half-cut photovoltaic modules, the deep
convolutional generative adversarial networks (DCGANs) were adopted to generate the half-cut photovoltaic
module EL images with controllable attributes. The similarity between the generated EL images and the
captured EL images was evaluated by using the multi-scale structural similarity (MS-SSIM) index. The
evaluation results show that the MS-SSIM indexes of all types of EL images generated by DCGANs and
captured EL images are greater than 0.55, and most of the MS-SSIM values are near 0.7. In the training process
of the classification models, the accuracy of the test set increases with the increase of the number of images
generated in the training set. When the number of generated images reaches 6 000, the accuracy of the test set
reaches 97.92%. The experimental results show that the DCGANs can generate half-cut photovoltaic module
EL images with high quality and controllable attributes, which can better solve the problem of model
overfitting caused by the lack of training samples.

Key words: deep convolutional generative adversarial networks (DCGANS); electroluminescence (EL); multi-

scale structural similarity (MS-SSIM); neural network
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Fig. 1 Schematic diagram of GAN
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Fig.2 Structure diagram of generator
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Fig.3 Structure diagram of discriminator
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Table 1 Specific types and quantity of training samples
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Fig.4 EL images generated during training and captured

EL images
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Fig. 5 Comparison of generated images before and after

attribute control
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Fig. 9 Structure diagram of model
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