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Low-light image enhancement method
based on Retinex theory and residual network

XU Xuan'*, YAO Bin', HAN Dianzhi'

(1 School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China;
2 Shaanxi Joint Laboratory of Artificial Intelligence, Shaanxi University of Science and Technology, Xi'an 710021, China)

Abstract: Aiming at the problem of low brightness and contrast of images taken in dark environment, a low illumination image
enhancement network based on Retinex theory and depth residual network is designed. Firstly, the decomposition sub —network
decomposes the reflection component and illumination component of the input image as the subsequent input according to Retinex
theory; Secondly, the enhanced network of encoder and decoder architecture is used for feature extraction, and the invariance of
feature scale is improved through adaptive spatial feature fusion structure; Finally, a noise reduction network based on residual
structure is designed to denoise the reflection map, and the deficiency of the traditional denoising method is compensated by the jump
connection of residual structure. The experimental results show that the method proposed in this paper can improve the brightness and
contrast of the image, the enhancement effect details are prominent, the color distortion is not obvious. To sum up, the method not
only has a good display in the subjective vision, but also is ahead of other methods in the objective index.
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Fig. 1 Retinex theoretical model diagram
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Fig. 2 Flowchart of the method in this paper
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Fig. 3 Decomposing the network structure
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Fig. 4 Enhanced network structure
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Fig. 7 Comparison of subjective visual experiments in the LOL dataset
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Fig. 8 Comparison of subjective visual experiments in DICM dataset
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Table 1 Comparison table of objective evaluation indicators

ik PSNR MSE SSIM
JEIR R 7.554 11 596. 068 0.317
MSR 12. 440 2 787.238 0.588
MSRCR 13.935 2 563. 673 0.711
Retinex 13. 642 3 993.284 0. 880
RetinexNet 17. 667 1 504. 057 0. 821
RRDNet 10. 880 6 966. 992 0.511
R2RNet 18.179 1 498. 952 0. 892
A 18.562 1467.178 0.932
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