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Image Deraining Based on Union Attention Mechanism and Multi-stage Feature Extraction

LIN Zukai, HOU Guojia, WANG Guodong and PAN Zhenkuan
College of Computer Science & Technology,Qingdao University, Qingdao,Shandong 266071, China

Abstract Existing image deraining networks predominantly rely on the large-scale synthetic paired datasets for training,ignoring
the difference in spatial distribution characteristics and the difference in channel importance between synthetic and real data,re-
sulting in blurred texture details and diminished generalization performance. To address these issues. this paper develops an unsu-
pervised network model for image deraining based on a union attention mechanism with multi-stage feature extraction. To adapt
to the spatial locality of rain streaks,the feature-aware module is initially designed to extract rain streaks through the combination
of spatial and channel attention mechanisms, while dilation convolution is used to enhance the sensory field of rain feature extrac-
tion. In addition,a recurrent neural network is introduced to extract the rain stripe features gradually,and the useful information
of the previous stage is retained in the cycle to improve the rain stripe feature extraction ability. To further enhance the discrimi-
nation of local micro-details and global texture structure features,it designs a multi-scale discriminator for distinguishing images
at three different scales and guideings the generator to produce higher quality images. Qualitative and quantitative experiments on
synthetic and real datasets show that the proposed method is superior to some supervised, semi-supervised and unsupervised me-
thods on PSNR,SSIM and NIQE metrics, which verifies its effectiveness and generalization.

Keywords Image processing,Image deraining, Multi-attention mechanism, Multi-stage feature extraction, Unsupervised learning
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Table 1 Quantitative evaluations via using different methods on Rain100L and Rainl2 datasets
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Table 2 Quantitative evaluations via using different methods on real-world datasets
. o Rain100L Rainl2 Reall00
ok Supervision Y SSIMA  NIQEy PSNRA  SSIMA  NIQEY  NIQEY
DTCNC27] F 31.31 0.927  4.8606  26.46 0.868  4,7277  3.8177
Syn2Reall 18] S 34.13 0.945  4.7079  31.23 0.912  4.7902  4.1671
CycleGANL?8] U 22.49 0.851  5.6793  22.20 0.841  5.1021  4.4733
DerainCycleGANLS] U 34.12 0.950  4.8436  31.31 0.917  4.8476  3.8143
DCD-GANC17] U 22.87 0.874 1.8937 21.45 0.785 5.4459  4.1583
Ours U 34.82 0.940  4.1140  32.59 0.943  4.0866  3.5663
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Fig. 4 Comparison of different deraining methods on real-world rainy images datasets
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Table 3 Comparison of model size and time efficiency of different

methods

7k F B /s HHE
DTCNL27] 0.021/0.073 2.538 X107
Syn2Reall 18] 0.044/0.150 2.261X107
CycleGANL28) 0.012/0. 025 2.275X107
DCycleGANES] 0.015/0. 029 4,358 107
DCD-GANL!7] 0.016/0.029 2.276X107
Ours 0.014/0.026 1.927 X107
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Fig.5 Comparison of deraining results of ablation experiments on Rainl00L dataset
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Table 4 Quantitative evaluations of the ablation study on

Rain100L dataset

A PSNRA SSIMA NIQEvy
Model-A 29.63 0.906 3.6454
Model-B 30. 40 0.926 3.4035
Model-C 31.37 0.936 3.4352
Model-D 31.97 0.941 3.3276
Model-E 30. 89 0. 935 3.5014

Ours 32.80 0.948 3.2846
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