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Super Resolution Reconstruction Method of Solar Panel Defect Images Based on Meta-transfer
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1 School of Artificial Intelligence and Data Science, Hebei University of Technology, Tianjin 300130, China

2 China Hebei Control Engineering Research Center, Tianjin 300130, China

Abstract It is difficult to detect solar panel crack defect due to low resolution and contrast,and few samples lead to inadequate
training problem. To solve these problems., this paper puts forward the super resolution reconstruction method of solar panel ima-
ges based on meta-transfer,and we adopt joint training method, that is, the internal image and external large-scale image informa-
tion are used as the different stages of training data. First,a large amount of data is used to pretrain the model to learn the exter-
nal public characteristics of large-scale data. Then,we use the meta-learning model MAML for multi-task training to find initial
parameters, which are suitable for the unsupervised task of few samples to improve the generalization ability of the model. Final-
ly,we put pretrained parameters in improved ZSSR to improve the Self-supervised Learning. Through DIV2K, Set5,BSD100 and
solar panels electroluminescent imaging training dataset, the experimental results show that compared with the traditional
CARN,RCAN,IKC and ZSSR, this method has the higher peak signal-to-noise ratio, up to 36. 66,and fewer parameters, com-
pared with ZSSR, the number of parameters decreases by 70 000 with shorter computation time,and compared with CARN, the
computation time decreases by 0. 51s. It is obvious that our method has the better reconstruction effect,the higher reconstruction
efficiency.

Keywords Solar panel defects,Super-resolution reconstruction, Meta-learning , Convolutional neural network, DIV2K training set
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Fig. 1 Five kinds of defects of EL images
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Table 1 Comparison of model training based on different data sets
Supervised Unsupervised
Dataset
Bicubic CARN RCAN ZDDR MTSR(1) MTSR(10)
Set5 32.64/0.9282 38.68/0.9430 38.36/0.9356 36.13/0.9436 36.25/0.9536 38.98/0.9659
BSD100 28.54/0.8269 32.47/0.8564 32.79/0.9286 31.24/0.8864 30.33/0.8810 31.95/0.8938
ELdata 26.90/0. 8432 32.88/0.9158 33.17/0.9345 29.54/0.8983 30.35/0.9065 30.49/0.9155
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Table 2 Comparison of model training based on different blur kernel
Kemel Dataset Supervised Unsupervised
Bicubic RCAN 1IKC ZSSR MTSR(1) MTSR(10)

Set5 30.18/0.8758 28.40/0.8975 29.77/0.8736 34.36/0.9348 33.14/0.9377 33.75/0.9318
g’gvz BSD100 27.71/0.7927 25.75/0.7602 28.70/0.7688 29.71/0.8466 28.70/0.8358 29.34/0.8418
ELdata 25.74/0.7845 21.67/0.7338 23.74/0.7684 28.70/0.8799 26.24/0.8268 26.67/0.8458
Set5 29.56/0.8455 29.56/0.8624 29.75/0.8896 34.96/0.9398 35.47/0.9348 36.40/0.9454
g(]i‘() BSD100 26.56/0.7843 25.89/0.7118 27.56/0.8158 30.74/0.8758 30.59/0.8675 31.07/0.9438
ELdata 23.69/0.7508 24,41/0.7558 25.96/0.8547 27.72/0.8582 28.70/0.8658 29.16/0.8858
Set5 27.24/0.8641 28.36/0.8631 28.74/0.8563 33.95/0.9308 34.35/0.9274 34.79/0.9458
g'j”i BSD100 25.89/0.6913 26.35/0.7059 26.72/0.7412 29.77/0.8478 28.81/0.8038 29.74/0.8458
ElLdata 23.48/0.6758 23.35/0.6948 23.68/0.7258 27.36/0.8354 26.70/0.8169 27.75/0.8551
Set5 30.58/0.8988 31.70/0.8958 33.71/0.9358 26.39/0.9568 35.19/0.9458 36.66/0.9434
g(ll_s BSD100 27.70/0.7660 28.76/0.7958 30.98/0.8661 30.78/0.8758 29.03/0.8558 31.73/0.8858
ELdata 24.71/0.7632 25.43/0.7458 29.77/0.8954 28.32/0.5364 28.70/0.8658 29.85/0.8934
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Table 3 Number of parameters and time complexity

Methods Parameters Time/s
CARN 1493000 0.78
RCAN 133430000 2.76
ZSSR 265000 249.15

MTSR(1) 195000 0.27
MTSR(10) 195000 0.56
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