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Abstract: In this article we propose an image super-resolution generative adversarial network based on light loss
(LSRGAN) model that incorporates light loss to address the problem of low image resolution in low light situations. This
model constructs high resolution-low resolution image pairs, and uses generator network and discriminator network for train-
ing to achieve better model generation image effect in low light situations. The loss functions of the model include light loss,
structural similarity loss, content loss and adversarial loss. The model constructs the light loss function, calculates the bright-
ness component in the image by using the linear relationship between RGB three primary color space and YIQ color space,
and takes the brightness in the image as the loss function to better restore the low resolution image under low light; by in-
creasing the loss of structural similarity, the structural similarity between super-resolution image and real high-resolution
image is calculated to improve the quality of generated image; the content loss is different from the traditional pixel based
loss. Using the feature mapping in VGG19 network to calculate, a more realistic generated image can be obtained ; to combat
the loss, the discriminator network is used to distinguish the super-resolution image from the real high-resolution image, so
as to promote the visual effect of the super-resolution image. By designing comparative experiments on four standard data

sets: Set5, Set14, BSDS100 and Urban100, it is proved that by adding a more sensitive loss function to the light, the model
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has a better model generation image effect in low light situations. At the same time, by increasing the loss of structural simi-

larity, the visual quality of the generated image is better.

Key words: single image super-resolution; generative adversarial network; deep learning
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Fig.1 Structure diagram of network
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Fig. 2 Structure diagram of generation network
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Fig. 3 Structure diagram of discrimination network
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R F4E '
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Tab.3 Quantitative results of experimental comparison

i g o r=-10 r=-130 r=-160
PSNR SSIM PSNR SSIM PSNR SSIM
Bilinear 12.675 70 0.409 46 8.736 59 0.182 87 7.677 83 0.108 37
SRCNN 22.648 90 0.692 12 17.675 21 0.559 31 15.918 97 0.501 62
Set5 SRFBN 18.587 15 0.556 98 18.492 12 0.562 82 10.395 60 0.454 84
SRGAN 20.850 35 0.674 45 18.014 77 0.567 99 12.990 87 0.490 99
LSRGAN 22.850 21 0.693 56 17.873 21 0.580 33 16.637 20 0.523 58
Bilinear 11.909 16 0.407 01 7.960 13 0.171 85 6.922 53 0.096 70
SRCNN 22.688 40 0.672 14 18.161 91 0.548 57 16.134 50 0.482 09
Set14 SRFBN 23.060 97 0.654 21 18.645 37 0.542 67 16.396 49 0.482 26
SRGAN 21.32922 0.635 57 18.368 35 0.539 76 14.075 90 0.469 46
LSRGAN 2191276 0.640 39 18.065 05 0.549 26 16.428 42 0.486 55
Bilinear 12.022 78 0.332 57 8.546 69 0.110 30 7.758 06 0.058 04
SRCNN 23.536 05 0.661 75 18.937 10 0.525 69 17.148 31 045515
BSDS100 SRFBN 23.722 83 0.638 77 19.290 88 0.514 18 16.996 31 0.455 74
SRGAN 22.024 23 0.619 69 19.365 42 0.504 67 14.163 98 0.441 99
LSRGAN 22.778 41 0.627 33 18.769 85 0.520 79 17.165 47 0.463 39
Bilinear 11.871 37 0.404 84 8.076 82 0.180 32 7.037 93 0.107 54
SRCNN 20.734 60 0.630 20 17.052 77 0.508 40 15.462 73 0.456 72
Urban100 SRFBN 20.808 67 0.626 33 17.353 42 0.504 15 16.089 34 0.489 82
SRGAN 19.904 13 0.638 29 17.692 79 0.538 81 13.850 05 0.468 80
LSRGAN 20.815 60 0.649 85 17.462 72 0.549 06 16.277 33 0.496 87
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Fig. 4 Qualitative results of experimental comparison
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