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Low-Light Image Enhancement Method Based on ARD-GAN
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Abstract: In order to solve the problems of noise amplification, insufficient detail and color restoration in the process
of low-light image enhancement, this paper proposes a method of low-light image enhancement based on attention residual
dense-generative adversarial networks (ARD-GAN). Firstly, the method generates a global exposure attention map in the
global illumination estimation module (GIEM) to guide the subsequent modules to enhance the illumination better; second-
ly, it adopts the convolution and residual module (CRM) and the channel attention residual dense module (CARDM) to ex-
tract shallow features and deep features respectively, and fuses different features of levels to obtain better detailed informa-
tion; furthermore, based on the CARDM, the dense connection and batch normalization are combined to suppress noise. Fi-
nally, the improved loss function restores the enhanced image color better. Comprehensive experiments are conducted,
which show that ARD-GAN can significantly outperform mainstream algorithms in subjective vision and objective evalua-
tion indicators.
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ARD-GAN w/o GIEM 22.11 0. 8363 0. 0063
CIEM ARD-GAN w/o SAS(GIEM) 22.47 0. 8334 0. 0069
ARD-GAN w/o CA(GIEM) 22.52 0. 8360 0. 0066
ARD-GAN w/o CA(GIEM)& SAS(GIEM) 22.23 0. 8382 0. 0062
CARDM ARD-GAN w/o CA(CARDB) 22.17 0. 8301 0. 0069
CRM ARD-GAN w/o CRB 22.68 0. 8354 0. 0061
Ours ARD-GAN 23.03 0. 8475 0. 0057
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1 1 1 10 10 22.82 | 0.8436 | 0.0060
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F3 ANRSEAE VV BRI SRR X L

RT AREFETLE Syn_testSet_E R FWMIEMFEFR

WIRES PSNR SSIM MSE
GLADNet 20. 90 0.7941 0. 0090
LLCNN 20. 63 0. 8301 0. 0098
MSRNet 20. 01 0. 8045 0.0108
MBLLEN 20.25 0. 8026 0.0105
ARD-GAN 23.03 0. 8475 0. 0057
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