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Fig.2 Structure of residual network
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Table 1 Comparison among four networks

%] 2% PSNR SSIM SR A IR / s
GAN 22.31 0.603 0.894
Resnet+GAN 22.84 0.657 0.108
WGAN 23.24 0.674 0.904
Resnet+WGAN 23.95 0.712 1.223
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Fig.4 Loss function of BIID-WGAN
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Table 2 Comparison of PSNR,SSIM and generation

time among six dgorithms

A4S W=RVS PSNR SSIM SR B R /s
CNN 22.37 0.624 6.87
DM-CNN 22.45 0.653 12.85
ULSR 22.98 0.698 900.00
csp 23.61 0.706 5.26
DCP 23.89 0.698 3.27
WGAN 23.95 0.712 1.22

R A 2% 16 21.96 0.562 —
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Fig.5 Loss function of Faster-RCNN
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Table 3 Comparison of AP value and detection
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Insulator object detection based on image deblurring by WGAN
WANG Dewen'?,LI Yedong"
(1. School of Control and Computer Engineering,North China Electric Power University, Baoding 071003, China;
2. Engineering Research Center of Intelligent Computing for Complex Energy Systems,Ministry of Education,
Baoding 071003, China)

Abstract:Due to the force majeure factor,the aerial images of insulator took by drone is fuzzy and the object
detection rate of insulator is low. Aiming at this problem, an insulator object detection method based on
image deblurring by WGAN (Wasserstein-Generative Adversarial Network) is proposed. The residual network
is introduced in the WGAN training process,which makes the generated insulator picture clearer. Then the
Wasserstein distance is introduced into the loss function to ensure the stability of the training process.
Finally,by optimizing the training process of the model,the reduction degree of generated insulator pictures’
details is improved. The results of defuzzification experiments show that the proposed method is superior to
traditional deblurring algorithms such as CNN (Convolutional Neural Network) and DM-CNN (Deep Multi-
scale Convolutional Neural Network) in terms of structural similarity and peak signal-to-noise ratio. In addi-
tion, the insulator image and the fuzzy insulator image generated by the proposed method are divided into
three groups, the target detection experiment is carried out by Faster-RCNN (Faster Region-Convolutional
Neural Network) target detection algorithm, with the average accuracy increased by 5.77 % , 6.73 % and
5.98% respectively,which improves the insulator target detection rate of the insulator effectively.
Key words: electric insulators;object detection; Wasserstein-generative adversarial network ; deblurring; residual

network
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