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Face Image Super-resolution Reconstruction Based on Adaptive
Convolution and Joint Loss Function

LI Pei-yu, ZHANG Ya-li*, ZHANG Yi-bo, ZHAO Yi-chen
(College of Information and Cyber Security, People’s Public Security University of China, Beijing 100038, China)

[ Abstract] Content Aiming at the problems of single convolution model, insufficient Receptive field and inaccurate feedback
information of single discriminant network in current face image super-resolution reconstruction algorithm, an algorithm based on
adaptive convolution and joint Loss function was designed. A generation adversarial network architecture was used by the model. On the
generator side, adaptive convolution was used to construct dual path residual blocks and further form efficient residual groups. It can
independently learn feature weights extracted under different receptive fields and supplement missing information from a single branch.
The subpixel convolution layers were used to complete quadruple reconstruction of face images. In terms of discriminators, Vgg and
U-net architecture networks were used as dual discriminant networks, and dual discriminant results were used to calculate adversarial
losses. The losses, content losses, and perceptual losses form a joint loss function. Experiments on the Celeba dataset show that
compared with RWSA , this algorithm improves PSNR by 1. 166 dB, SSIM by 0. 037, LPIPS by 0. 033, and PI by 0. 119, compared
with other mainstream algorithms, it has advantages in image detail clarity.
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Fig. 1 Training process of double discriminator face super-resolution reconstruction algorithm
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Table 1 Influence of adaptive convolution on algorithm model

e PSNR/dBT  SSIMT  LPIPS | PI

Basel 28.314 0. 831 0.150 8 3.9254
Basel +sk(2)  29.769 0.860  0.1027  3.6998
Basel +sk(3)  29.804 0.861 0.1103  3.6748
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Table 2 Influence of multi-scale residual module

on the model

iRy PSNR/dB 1 SSIM T LPIPS| PI|

29.142  0.837 0.1289 3.8466
0.860 0.1027 3.699 8

Base2
Base2 + sk multiscale residual  29. 769
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Table 4 Index evaluation results of different algorithms

L8l PSNR/dB T SSIM 1 LPIPS | PIl
Bicubic 27.977 0.811 0.330 0 7.619 5
SRCNN!! 29. 456 0. 865 0.2320 6.138 2
VDSR? 29.937 0. 870 0.274 0 5.9817
EDSR!'?! 30. 252 0. 879 0.268 0 5.630 3
SRGAN!'0J 27.968 0.814 0.161 0 4.0313
MLGE!!! 28.381 0. 815 0.136 0 4.019 0
RWSA[] 28. 603 0. 823 0.1350 3.8180
AR Y 29. 769 0. 860 0.102 7 3.699 8
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Fig. 11 Overall comparison of facial images reconstructed from different models
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