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Image restoration with residual dense network

LIN Zhenxian', ZHANG Mengkai’, WU Chengmao’

(1. School of Science, Xi’an University of Post and Telecommunications, Xi’an 710121, China; 2. School of Communication and In-
formation Engineering, Xi’an University of Post and Telecommunications, Xi’an 710121, China; 3. School of Electronic Engineering,

Xi’an University of Post and Telecommunications, Xi’an 710121, China)

Abstract: Aiming at the problem of motion blur caused by object motion or camera shake in the image generation pro-
cess, an image restoration method based on the residual dense network is proposed. An adversarial network structure is
used in the method, taking the residual dense network as the generator and fusing different levels of features in a long-
short connection to generate restored images. The deep convolution network acts as the discriminator to identify the au-
thenticities of images, training the network performance in adversarial between the generator and discriminator. The pro-
posed method combines the adversarial and content losses to improve the effectiveness of network restoration. This
study demonstrates the restoration of an input blur image in an end-to-end way without estimating the blur kernel. Ex-
periments show that the proposed method results in a better restoration effect.

Keywords: image processing; motion pictures; image denoising; image restoration; deep learning; network model; net-

work architecture; convolutional neural network
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Table 2 Comparison of the results
Hmge (=R PSNR/dB SSIM SEHFERT/s
DeblurGAN 26.13 0.86 0.33
DnCNN 29.52 0.89 0.35
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SRNDeblur 33.00 0.95 31.25
ARSI 33.04 0.98 1.13
DeblurGAN 25.17 0.77 0.24
DnCNN 25.82 0.74 0.32
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SRNDeblur 26.17 0.81 30.78
A 29.34 0.94 1.06
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