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Abstract; Aiming at the problem that the single image de - raining algorithm using deep learning will lead to the loss of detailed
information,,a dual-branch de-raining network was proposed, including a rain streaks extraction branch and a detail recovery branch,
which makes the de-raining image closer to the real image by completing the details. The purpose of the rain streaks extraction branch is
to completely extract the rain streaks. A feature pyramid was constructed to learn the rain streaks information at multi —scale, and
introduce a fully residual block that performs all identity mapping in it to enhance feature re—usage and propagation. In order to take full
advantage of context information, deformable convolution was used to dynamically expand the receptive field while avoiding the
generation of grid artifacts, at the end input rain image take out rain streaks to obtain a preliminary de-raining image. The detail recovery
branch needs to generate a detail feature map to feed back to the preliminary de—raining image to retrieve the lost details, so a lightweight
fully residual block was used to capture feature information, and a skip connections was used to connect the fully residual blocks to
provide long — distance information compensation. The experimental results show that the network improves the PSNR and SSIM
indicators at least 0. 09 dB and 0. 02 respectively compared with the populous de-raining methods such as RESCAN, SPANet and JDNet
in the synthetic dataset Rainl00H,and the de-raining effect and the degree of detail retention are better than the comparison methods in
both the real dataset and the self-made dataset.

Key words: convolutional neural network ;single image de-raining; multi-scale learning;fully residual ; deformable convolution
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