A Model-driven Deep Neural Network for Single Image Rain Removal
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Traditional Methods:

Current DL-based Methods:

* Rely on subjective prior assumptions
* Performance drawback
* Speed drawback
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* Weak interpretability
* Neglect the intrinsic priors of rain
* Easily trapped into the overfitting issue
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Rain Convolutional Dictionary Model

Model Formulation:
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C,, is common knowledge learned by end-to-end training, g{(-) and g, ()
are regularizers to deliver the priors of M,, and B, respectively.

Optimization Algorithm:

Step 1: At the s-th 1iteration, adopting quadratic approximation of Eq. (1)
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Step 2 : Using proximal gradient algorithm with 1teration
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Rain Convolutional Dictionary Network

Step 3: Decomposing the updating rules into sub-steps and unfolding them 1nto network modules
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(b) The design of a single stage

RCDNet is with a structure of S stages, corresponding to S iterations in the algorithm. Every module is
one-to-one corresponding to each sub-step of the algorithm and has its own specific physical meanings.
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Average quantitative results on 4 benchmark synthetic datasets

Learned rain kernels for different datasets




