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Deep Unfolding Network for Super-resolution Optical Image
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Abstract: A deep unfolding network for super-resolution optical image was presented.
The network combines traditional optimization algorithm with deep learning algorithm to
make the final network interpretable and fit well with the neural network. To enhance the
ability of extracting multi-scale features from target images, a multi-scale void convolution
attention module was proposed. The module can effectively extract multi-scale features from
target images, and give larger weights to important features to improve network
performance. The experimental results show that the network can effectively restore the
image details and achieve a better super-resolution reconstruction of degraded images.
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