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Abstract

With the recent development of deep composite multiplication neural network learning, deep learning techniques applied to
single-image super-resolution have shown good results, and the strong expression ability of deep networks has enabled complex
nonlinear mapping between low-resolution and high-resolution images. However, there are limitations in applying it to real-time or
low-power devices with increasing parameters and computational amounts due to excessive use of composite multiplication neural
networks. This paper uses blocks that extract hierarchical characteristics little by little using information distillation and suggests
the Recursive Distillation Super Resolution Network (RDSRN), a lightweight network that improves performance by making more
accurate high frequency components through high frequency residual purification blocks. It was confirmed that the proposed
network restores images of similar quality compared to RDN, restores images 3.5 times faster with about 32 times fewer
parameters and about 10 times less computation, and produces 0.16 dB better performance with about 2.2 times less parameters
and 1.8 times faster processing time than the existing lightweight network CARN.
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