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[ Abstract] Although existing super-resolution image reconstruction meéthods/make full use of high-performance deep
learning models’, they ignore the feedback mechanism that is ubiquitous,in the human visual system.This paper proposes
a super-resolution image reconstruction algorithm based on/a feedback mechanism. The feedback mechanism is
implemented by using the hidden states in a recurrent neural,network with constraints. For the mechanism, a feedback
module is designed to process the feedback connections between networks, and generate more a more persuasive high-
level representation that provides more contextual information, which helps high-resolution image reconstruction from
low-resolution images.At the same time, a feedback network with a strong ability of early image reconstruction is built.It
can gradually generate the final high-resolution image. Furthermore, to address the detail loss of low-resolution images
caused by multiple types of degradation, a«curriculum learning strategy is introduced to make the network applicable to
more complex tasks and improve its robustness. The experimental results show that the proposed algorithm effectively
improves the accuracy of super-resoltition image reconstruction.Its PSNR value is increased by about 0.5 compared with
SRCNN, VDSR,RDN and other-algorithms.
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Fig.1 Information flow of the feedback module
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Fig.3{ Super-resolution feedback network structure
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different size scaling
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Fig.6 Visual comparison of refined feature maps
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Table 4 Comparison of training time of different models h
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Tabel 6 Performance comparison in WN degradation model
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Tabel 5 Performance comparison in GB degradation model
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Fig.8 Visual comparison.of GB degradation model
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