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Dual path image super—resolution re CthIl algorithm

based on residu#é work

Xie g%a?
(College of Photonic and Electronic Engineeri@l Normal University , Fuzhou 350007 , China)

Abstract : Deep convolutional neural networks havgmeo ed to the significant progress of the single—image super-—reso-
lution field. However, several algorithms essentiallj hawe underused the low-level features, thus causing relatively low per-
formance.In order to solve the above proble is paper proposes a dual path image super—resolution reconstruction al-
gorithm based on residual network. The batch alization layer in the residual module is removed and the channel at-

tention mechanism is introduced. At th

samgy time, the multi—scale block (MSB) is used as the jumping layer and the
adaptive subpixel reconstruction lay, ed as the upsampling module to recover the image details better. Experimental
results show that the proposed a has good performance and can enhance the ability of image reconstruction.
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