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Diffusion model for low-light image enhancement based on Meyer
transform and multi—scale feature recovery

LIU Huaqing, DING Derui, TANG Wenchao

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract . Existing methods for low —light image enhancement can improve image brightness, but often fail to suppress noise
effectively and capture fine details. The diffusion model has significant advantages in denoising and detail refinement, however, its
practical application is hindered by long inference times and high computational resource demands. Therefore, in this paper, a
diffusion model based on Meyer transform and multi—scale feature recovery is proposed for the low—-light image enhancement task.
Firstly, the diffusion model with Meyer wavelet transform can effectively enhance the low-light image and improve the visual effect of
the image. Secondly, a multiscale feature extraction module is proposed and a Multi—Scale feature—based High Frequency Recovery
Module (MS-HFRM) is further designed. Through the combined application of multiscale feature extraction, expansion convolution
depth—separable convolution and residual joining, an efficient and fine—grained high—frequency recovery strategy is provided. Further,
the introduction of luminance consistency loss ensures that the inferred image is consistent with normal illumination. Experiments show
that the method can sufficiently suppress the generation of noise after brightness enhancement, acquire clear detailed textures and edge
structures, and have excellent image recovery quality. In addition, the evaluation experiments show that the model has good
generalization ability, and the ablation experiments verify the effectiveness of the network structure design.
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Fig. 1 Structure of the diffusion model based on Meyer wavelet transform
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Fig. 2 Examples of visualization of various transform methods
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Fig. 3 High—frequency recovery module based on multi—scale features
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Table 1 Quantitative metrics results of different methods on the

LOL dataset

Network models PSNR T SSIM 1
Retinex—Net (2018) 16.77 0.563
Zero—DCE (2020) 14.56 0.553
RUAS(2021) 18.23 0.717
EnlightenGAN(2021) 17.48 0.578
KinD(2019) 20. 87 0.717
KinD++(2021) 21.30 0.818
URetinexNet (2022) 21.33 0.833
Uformer( 2022) 18. 547 0.721
Restormer( 2022) 22.365 0.816
Retinex—Former( 2023 ) 25.610 0.845
LYT-Net(2024) 24.130 0. 844
AR SCREAL 25.968 0.875
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Table 2 Quantitative metrics results of different methods on the

LOLv2real and LSRW datasets

LOLv2real LSRW

Network models

PSNR 1 SSIM T PSNR T SSIM T

Retinex—Net(2018) 19.49  0.552 15.91 0.373
Zero—DCE (2020) 20.31 0.744 15.83  0.467
RUAS(2021) 17.49  0.745 14.44  0.428

EnlightenGAN(2021) 18.68 0.678  16.31  0.470
KinD(2019) 22.16  0.876  17.03  0.499
KinD++(2021) 19.50 0.823  16.97 0.412
URetinex—Net( 2022) 18.70  0.842  19.14 0.557
Retinex—Former(2023) 22.80 0.840 19.14 0.573

LYT-Net(2024) 22.93  0.840  18.47 0.564

AR 28.71 0.883  20.29 0.635
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Fig. 4 Visualization results of different methods on the LOL dataset
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Fig. 5 Visualization results of different methods on the LOLv2real dataset
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Fig. 6 Visualization results of different methods on LSRW dataset
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Table 3 Experimental results obtained on the LOL dataset for the network structures involved in the ablation experiments
Variant Component PSNR SSIM LPIPS
Base Model with Z43- 9265/ Nl 23.999 1 0.616 2 0.155 6
Model with XU & /Mg 23.728 1 0.789 6 0.150 7
Model with Meyer /M 24.661 5 0.842 4 0.176 2
Meyer Meyer + MS_HFRM 25.1170 0.868 1 0.130 6
Meyer + MS_HFRM + L, 25.968 0 0.8753 0.129 4
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Fig. 7 Convolutional neural network based on frequency information
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Fig. 8 Visualization results for different wavelet transforms
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Fig. 9 Visualization results using the multiscale high—frequency recovery module and incorporating luminance coherence loss
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