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Structure-Aware Residual Network for Rain Streaks Removal
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Abstract

In this paper, rain streaks removal is proposed to remove rain streaks and to enhance the sharpness of textures
from input rain images. Even though deep convolutional neural networks, which have recently attracted great attention
in the field of image restoration, are applied to rain streaks removal, residual rain streaks on the flat areas and
deterioration of texture sharpness in the texture areas remain current issues. Therefore, this paper proposes a
restoration method that can effectively remove rain streaks and enhance texture’s sharpness from input rain images. In
particular, by estimating the edge map, which is the result of Laplacian filtering applied to the original image, the
structure-aware residual network that is able to adaptive to image structures is introduced to remove the rain streaks
in the flat areas and enhance the sharpness in the detail areas. Moreover, through experimental evaluation, it is
confirmed that the proposed structure-aware residual network can achieve the desired purpose and obtain better
performance in quantitative evaluation than the existing state-of-the-art methods.
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Fig. 7. Resulting images; (a) Rain image, (b) Original image, (c) Residual network[10], (d) Detail network[11], (e) Pix2Pix[12],
and (f) Proposed method
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Fig. 8. Resulting images; (a) Rain image, (b) Original image, (c) Residual network[10], (d) Detail network[11], (e) Pix2Pix[12],
and (f) Proposed method
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Fig. 9. Resulting images; (a) Rain image, (b) Original image, (c) Residual network[10], (d) Detail network[11], (e) Pix2Pix[12],
and (f) Proposed method
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Fig. 10. Original Laplacian edge maps (left column), estimated Laplacian edge map (right column)
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Table 2. Quantitative image quality evaluation for 10 test images in Fig. 4

Test Images

Methods 1 2 3 4 5 6 7 8 9 10 AVG.
Residual | PSNR | 34.196 | 31.010 | 33497 | 33955 | 35360 | 31.636 | 32.023 | 32671 | 29.888 | 32455 | 32454
Network [10]] SSIM | 0.9473 | 0.8995 | 0.9521 | 0.8697 | 0.9560 | 0.9177 | 0.8814 | 0.8819 | 0.8629 | 0.7129 | 0.8881
Detail PSNR | 31.281 | 29,183 | 31.710 | 31.887 | 32553 | 29.699 | 29.808 | 31.490 | 28.924 | 30459 | 30.699
Network [11]] SSIM | 09162 | 0.8737 | 0.9435 | 0.8153 | 09338 | 0.8957 | 0.8474 | 0.8422 | 0.8520 | 0.6648 | 0.8585
PIPiX [12] PSNR | 29.315 | 28597 | 29.845 | 23894 | 30.694 | 29.020 | 29.271 | 30515 | 28.027 | 27676 | 28685
SSIM | 0.83%5 | 0.8829 | 0.9207 | 0.7604 | 0.9357 | 0.8974 | 0.7946 | 0.8596 | 0.8584 | 0.6280 | 0.8377

Proposed | PSNR | 34.597 | 31.235 | 35.067 | 34.113 | 36.869 | 32.334 | 32.305 | 32.978 | 30.213 | 32.818 | 33.253
Method | SSIM | 0.9562 | 0.9081 | 0.9627 | 0.8867 | 0.9683 | 0.9295 | 0.8962 | 0.8924 | 0.8666 | 0.7234 | 0.8990
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