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Image restoration method based on two-stage multi-scale generative
adversarial network

Tong Junyi' Zhang Yinsheng® Zhang Peiyan® Li Changshuai’ Meng Xiangyuan® Shan Huilin®
(1. College of Electronic and Information Engineering, Nanjing University of Information Science and Technology,

Nanjing 210044, China; 2. School of Electronic Information Engineering, Wuxi University, Wuxi 214105, China)

Abstract: To solve the problem of insufficient use of image scale information and incorrect reconstruction of glasses
structure in face image restoration task, a two-stage multi-scale generative adversarial network restoration model is
proposed. In the first stage of the model, U-Net coarse reconstruction network with improved loss is introduced, three
different loss functions are fused to improve the reconstruction ability of the generator, double discriminator is used to
consider the global information and local information, and a mixed domain attention mechanism is proposed to focus on
the spatial and channel information of the image. In the second stage, a new feature enhancement module is constructed
to enhance the network’s ability to extract details and express structures. The experimental results show that this
method can recover all kinds of missing images and effectively restore face images wearing glasses. The peak signal-to-
noise ratio, structural similarity and perceived similarity evaluation indexes of the method were improved by 3.81% .,
2.65% and 0.45% , respectively.
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Table 6 Results of ablation experiments between modules of the precision repair network

T il 58 U-Net SHMD FER % ] 531 A % et/ dB SSIM LPIPS
HW 1 N J 23.733 51 0.921 05 0.065 1
w2 N J 22.810 13 0.928 82 0.072 5
WG 3 N N/ NG 24.374 10 0.934 73 0.057 4
M 4 N N 23.575 27 0.931 84 0.066 3
R 5 N/ N/ 23.123 95 0.926 63 0.068 1
HEWE 6 NG NG N 26. 759 81 0. 940 56 0.049 2
Fmg 7 J N N/ 23.770 32 0.920 81 0.067 9
k8 N N/ J 23.309 67 0. 923 49 0.056 1
NS N N N J 28.621 71 0.943 86 0.046 3
345 it & % X
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