TERSis 2021 &£ #50% %5 Hj. 602 ~608

DOI: 10.13976/j. cnki. xk. 2021. 0463 WEHS . 1002 -0411(2021) - 05 -0602 - 07

HE T ] g ) 4 11 . P 1R A gy R R

HER, FEW, B

1. TEB R B o TRE24Be, Y095 o8 214064 ;

2. VLR W 00 7 PP AR i i B S0 & (TR WA= BE ) , VL5 T8 214064
3LEARENTE G SITEIR AR, T T8 214122

WFIER: F35H, 572785530@ qq. com Wi/ s/ &) 2020 - 10 -09/2021 - 01 -15/2021 - 04 -25

T % et in]

AXRET —METTEMENENE —BREDHRE E. IR WMy REF3
TREME W 4w % — B G P R A Z R £ R A 2R B AR AR sk 2
BARFEGZANEREXERERUREREA 5%, TLEBEARMNAT A BaHR
ABEEAAETHLHEEGH TR HEEGNRY, FEAREI RS HE EE:ACE
Btk 5% o H R B R 08 oyA EARB. AR SUHR W o AR o T 2 B 25 AR B A o W g R4 TP391
SMAMENER LR HEEGE G2 HEERZ MM LR, €REHRE SCHk R P A

AHERGAELHEEGIANRPEAHINEAGREE 2, AEAAH MY
Wi ZREARGAERERPHEG L HEEGZEAWE LIRS, ETHEAN
s, TIANERMmE AT RS A AR HRIR MR BT LR,
RUENBEALEL ) REEREBEELRETRFNER.

Single Image Super-resolution Based on Reversible Network

CHEN Guojun"*, YANG Jieming’, GE Hongwei’

1. College of Computer Internet of Things Engineering, Tathu University of Wuxi, Wuxi 214064, China;
2. Jiangsu Key Construction Laboratory of IoT Application Technology ( Taihu University of Wuxi) , Wuxi 214064, China;
3. School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China

Abstract Keywords

A single image super-resolution algorithm based on reversible network is proposed in this paper. Many deep learning;
models based on deep neural network ( DNN) are proposed recently to solve the problem of single image su- image process;
per-resolution. In these models, the difference between the generated super-resolution image and the corre- super-resolution ;
sponding high-resolution image used to define the objective function and update the model parameters. These reversible network

methods only take advantage of the dependence of high resolution image on low resolution image, and do not
establish the inter-dependence between them. In this paper, we propose a super-resolution reversible network
(SRRevnet) model based on reversible network to establish the Mutual mapping between the high-resolution
image and low-resolution image. This model maps low resolution image and high resolution image to each oth-
er§ resolution space respectively, and then use the error feedback to optimize those two opposite process. be-
cause the model is reversible, this model can optimize the process of super-resolution from forward and back-
ward respectively. To our knowledge, this paper is the first to use the neural network with reversible structure
to solve the problem of single image super- resolution. Through experiments, our model has achieved excellent

results on the super-resolution benchmark datasets.
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Fig.1 The flow chart of the proposed method
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Fig.3  The squeeze and unsqueeze operation of data
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Fig.7 The visual effect comparison on SetS
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