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A Low-Light Image Enhancement Method with Dual
Conditional Diffusion Probabilistic Models
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(1.Anhui Baichenghuitong Technology Co.,Ltd.,Hefei 230001, China)
(2.School of Computer Science and Artificial Intelligence , Huanggang Normal University , Huanggang 438000, China)
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Abstract: To address the issues of inadequate color restoration, noise,and blurriness in images generated by current low-
light image enhancement algorithms, a dual conditional diffusion probabilistic model-driven method for low-light image
enhancement ( LLDiffusion ) is proposed. LLDiffusion takes low-light images and histogram equalized images as conditional
inputs in the reverse process of diffusion probabilistic model, fully leveraging the valid information within the low-light
image. Additionally,a dual conditional noise predictor is introduced , which includes multi-scale feature extraction module
and a temporal residual fusion module to produce more realistic generated images, thereby improving the overall image
quality. LLDiffusion was tested on benchmark datasets, LOL and VE-LOL. The experimental results demonstrate that the
LLDiffusion achieves best performance in terms of F;,, Py and S, . The enhanced images based on our method exhibit
better exposure control,less noise,and fewer artifacts.

Key words : diffusion probabilistic model, low-light image enhancement, construction of virtual environments, generative

model
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Table 1 Quantitative analysis results of experiments conducted on the LOL dataset

Method Pgy/dB T Ssw 1 Fpl Method Pgyp/dB T Ssw 1 Fpl
LIME! 0] 14.344 0.720 81.520 RUAS!] 16.909 0.703 90.156
RetinexNet!?! 17.976 0.765 114.938 LLFlow!®) 24.202 0.913* 58.221
EnlightenGAN[*] 19.931 0.826 72.732 Bread! '’ 21.024 0.891 67.112
KinD (3 19.976 0.866 62.643 scittel 13.715 0.591 94.794
KinD++['"] 18.045 0.805 98.222 LLFormer'7] 24.563* 0.894 65.302
DeepUPEL!2] 13.766 0.592 150.344 CDAN!® 20.102 0.816
Zero-DCE! "] 15.354 0.731 110.494 LLDiffusion ( Ours) 24.203" 0.899" 57.660°
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Fig. 5 Experimental results conducted on the LOL dataset
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Fig. 6 Experimental results conducted on the VE-LOL dataset
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Table 2 Quantitative analysis results of experiments conducted on the VE-LOL dataset

Method Pyp/dB 1 S T Fpl Method Peop/dB T Ssw 1 Fpl
LIME! 0] 17.696 0.738 72.729 RUAS[# 15.717 0.682 84.654
RetinexNet!?! 18.076 0.760 131.287 LLFlow!®! 27.571 0.955* 40.737
EnlightenGAN[] 19.483 0.834 65.553 Bread!'?) 24.338 0.929 59.383
KinD!?! 21.170 0.893 51.398 scrttel 16.728 0.589 88.632
KinD++' 13.187 0.325 240.373 LLFormer!'7) 29.662 0.937 49.480
DeepUPE['2] 16.289 0.706 111.236 LLDiffusion ( Ours) 29.718* 0.950" 37.522°
Zero-DCE!'3] 13.457 0.659 107.917
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Table 3 Ablation study results of DCNP Table 4 Comparison of model complexity
xov xhe Pop/dBT Sy 1 Fip Ttk N params X100 4> nprop X107 A
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