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Super-resolution Reconstruction of Infrared Image of Transmission Line Insulator

Based on Lightweight Residual in Residual Dense Net
WU Tian'?, YANG Wei'?, TAO Xiongjun®, WANG Shenhua®, LIPeng'?, PU Ziheng'?, FANG Chunhua'?

(1. College of Electrical Engineering & New Energy, China Three Gorges University, Hubei Yichang 443002, China;

2. Hubei Provincial Engineering Technology Research Center for Power Transmission Line, China Three Gorges Uni-
versity, Hubei Yichang 443002, China; 3. Kunming Bureau of EHV Power Transmission Company of China Southern
Power Grid Co. Ltd, Kunming 650000, China; 4. Wuyi County Power Supply Company of State Grid Zhejiang Electric

Power Co., Ltd., Zhejiang Jinhua 321200, China)

Abstract: Infrared imaging is an effective method to detect thermal defects of transmission line insulators. Due to the influence of
acquisition equipment and shooting distance, its resolution is low, the insulator target in the image is small, and a large amount of
data is difficult to process. To solve the problem of low infrared image resolution, this paper proposes an image super resolution
reconstruction algorithm (I-SRGAN) based on Lightweight residual in residual dense block (LRRDB) .The depth of the network is
deepened to extract deeper feature information, and the number of network parameters is reduced by depth-separable convolution. In
order to overcome the problems of overfitting and gradient explosion, Wasserstein gradient penalty is used to ensure the stability of
network training. Combined with the self-attention (SA) mechanism, the weight of feature information is adjusted adaptively to
enhance the network's attention to important features. Through the super-resolution reconstruction test on the infrared image of insu-
lator of +800kV transmission line, the results show that: The peak signal-to-noise ratio (PSNR) of I-SRGAN is 3.57% higher than
the average value of super resolution using a generative adversarial network (SRGAN) .The Structural Similarity Index Measure

(SSIM) is 3.90% higher than that of BiCubic. Compared with SRCNN (super-resolution convolutional neural network), it is 2.68%
higher than SRGAN (1.41% higher than SRGAN) .The lightweight addition also greatly reduces the reconstruction time, which can
provide a reference for the super-resolution reconstruction of the infrared image of the transmission line insulator.

Key words: insulator; super resolution reconstruction; lightweight residual in residual dense block; attention mechanism
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Fig.1 LRRDB generative adversarial network structure
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Fig. 2 Reconstruction flow chart of SRGAN
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Table 3 The average value of PSNR and SSIM in the

training process

S SRCNN SRGAN I-SRGAN
PSNR 29.974 55 24.276 12 25.121 36
SSIM 0.795 53 0.710 27 0.829 34
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Fig.9 Comparison of insulator reconstruction at different shooting angles
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Table 4 PSNR comparison of magnified 4 times recon

struction result dB
151 BiCubic SRCNN SRGAN I-SRGAN
A 21.598 80 3148119 2356269  24.61902
B 2091829 2645396 24.08290  24.65492
C 20.004 24  28.64756 2432274 2535223
D 21.14505 30.55383  24.05015  24.81752
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Table 6 Time comparison of magnified 4 times reconstruc-

tion result reconstructed by RTX3060/RTX3090
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Table 5 SSIM comparison of magnified 4 times recon-

struction result

K= BiCubic SRCNN SRGAN  I-SRGAN
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D 4.57/7.67 10.86/10.26 9.29/8.39
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