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Low-light Image Enhancement Algorithm Based on Retinex Theory
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School of Electrical and Information Engineering, Anhui University of Science and Technology, Anhui Huainan 232001,
China

Abstract: In order to solve the problems of low contrast and high noise of low-light images, a convolutional neural network
enhancement model based on Retinex theory (Retinex-RANet) is proposed. It includes three parts: the decomposition
network, the noise reduction network, and the brightness adjustment network. The residual module (RB) and the jump
connection were incorporated into the decomposition network, and the features extracted by the first convolutional layer
were fused with each RB extracted feature through the jump connection to ensure the complete extraction of the image
features, resulting in more accurate reflection and illumination components. The noise reduction network was based on the
U-Net network, and the cavity convolution and attention mechanism were added at the same time, so as to extract more
image-related information. The attention mechanism can better remove the noise in the reflected component and restore the
details. The brightness adjustment network consists of a convolutional layer and a Sigmoid layer, which is used to increase
the contrast of the light components. Finally, the reflection component after denoising by the noise reduction network and
the light component after the brightness adjustment network were fused to obtain the final enhancement result.
Experimental results show that Retinex-RANet not only improves the brightness of low-light images in subjective vision,
but also improves the color depth and contrast. In terms of objective evaluation indicators, compared with R2RNet, the

PSNR value increased by 4. 4%, and the SSIM value increased by 6. 1%. The results show that Retinex-RANet has better
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Table 2 Comparison of the results of each algorithm on the LOL dataset

A7 SRIE MSR LIME Dong MF Zero-Dce Retinex-Net ~ KinD R2RNet Ours

Roonn 13.3486 12.0979 14.7583 15.2639 15.6676 16.3615 16.7317 16.1245 18.9342 19.776 1
Ry 0.397 6 0.363 7 0.336 1 0.344 7 0.368 9 0.524 7 0.4309 0.7113 0.7525 0.798 2
Ry 7.286 9 8. 1136 8.3776 8.3157 8.777 1 7.9313 8.878 8 4.672 4 3.7657 4.746 5
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Table 3 Comparison of Ry, on different datasets

Fox LIME-data NPE-data MEF-data
SRIE 3.8596 4.180 3 3.445 6
MSR 3.764 2 4.061 4 3.565 4
LIME 3.786 2 4.446 6 3.796 2
Dong 4.0516 4.695 2 4.2759
MF 4.067 3 4.350 6 3.599 5
Zero-Dce 4.342 1 4.651 1 3.5532
Retinex-Net 4.807 7 4.5712 5.174 7
KinD 4.144 1 3.933 4.780 5
R2RNet 5.229 1 4.019 1 5.108 2
Ours 3.406 4 3.498 4 3.462 1
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