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Semi-supervised learning for image deraining based on multi-memory module
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Abstract: In recent years, single—image deraining techniques based on supervised learning have performed better. Due to various
challenges in acquiring real —world labelled data, existing supervised learning —based methods are trained with large amounts of
synthetic labelled data, which cannot obtain satisfactory results on real images for the differences between the synthetic data and
real-world data regarding density, direction and shape of rain patterns. To address this problem, a semi—supervised framework based
on multi-memory modules consisting of a supervised branch and an unsupervised component is proposed to train the synthetic and
real-world data simultaneously. The key to the proposed method is to incorporate the multi—memory module into the Encode -
Decoder framework to improve the ability to recognize multiple rain representations and then improve the rain removal ability of the
network. Extensive experiments on the public datasets, including Rain200L, Rain200H and Rain800, demonstrate the superiority of
the proposed method.
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Fig. 1 Network structure diagram of this paper
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Fig. 2 The detailed architectures of the semi—MMR
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Tab. 1 Ablation experiments on different branches

Metrics Input MMR Semi-MMR
NIQE 13.61 11.06 10.69
PIQE 10.63 8.71 8.16
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Tab. 2 Ablation experiments on loss functions

Rain200L Rain200H Rain800

Dataset
PSNR SSIM PSNR SSIM PSNR SSIM

0, 36.17 0973 27.32  0.851 26.23  0.875
Q> 36.61 0.976 27.96  0.877 26.59  0.887
Qs 36.88  0.980 28.13  0.887 26.70  0.898
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Tab. 3 Quantitative analysis of synthetic data

Rain200L Rain200H Rain800
Dataset
PSNR SSIM PSNR SSIM PSNR SSIM
DDN! 0] 33.01 0.969 24.64 0.849 24.68 0.874
PReNet! %) 36.76 0.979 28.08 0.887 26.61 0.902
SIRR* [2] 34.10 0.961 25.56 0.827 24.35 0.869
Syn2Real * [4] 34.31 0.962 25.49 0.828 24.15 0.852
Semi-MMR * 36.88 0.980 28.13 0.887 26.70 0.898
(a) M (a) HITE]
(b) SIRR™ (b) SIRR®
(¢) Syn2Real™ (c) Syn2Real!
(d) A3 (d) A3
(e) GT (e) GT

Bl 5 7& Rain200L ##EEE _EHILLER
Fig. 5 Comparison on the Rain200L dataset

B 6 7& Rain200H ##EEE _EHLEE
Fig. 6 Comparison on the Rain200H dataset
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Fig. 7 Comparison on the Rain800 dataset
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Tab. 4 Quantitative analysis of real-world data

Metrics NIQE PIQE
Input 13.61 10.63
SIRR'%! 12.40 10.41
Syn2Real ! 11.80 10.72
Semi-MMR 10.69 8.16
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Fig. 8 Comparison on the Real-data dataset
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