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Image Super-resolution Reconstruction Using Recursive Residual Network Based on Channel
Attention
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Abstract In recent years,deep learning has been widely used in image super-resolution reconstruction. To solve the problems of
inadequate feature extraction,loss of details and gradient disappearance in super-resolution reconstruction methods based on deep
learning,a deep recursive residual neural network model based on channel attention is proposed for single image super-resolution
reconstruction. The proposed model constructs a simple recursive residual network structure by residual nested networks and
jump connections to deepen the network and speed up its convergence while avoiding network degradation and gradient problems.
An attention mechanism is introduced into the feature extraction part to improve the discriminant learning ability of the network
for more accurate and more effective extraction of deep residual features,which is combined with the subsequent reconstruction
network with parallel mapping structure to ensure the final accurate reconstruction. Quantitative and qualitative assessments are
performed on benchmark dataset Set5,Set14,B100 and Urbanl00 at the magnification of 2,3 and 4 times by comparison with the
mainstream methods. Experimental results show that the objective index values of the proposed method increase significantly
compared to the comparative methods on all four test data sets. Among them,compared with the interpolation method and the
SRCNN algorithm, the average PSNR improves 3. 965dB and 1. 56 dB,3. 19dB and 1. 42dB,2. 79dB and 1. 32dB, respectively,at
the magnification of 2,3 and 4 times. Visual effects show that the proposed method can recover image details better.

Keywords Super-resolution,Deep learning,Channel attention, Residual network,Skip connections
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Table 2 Comparison of PSNR values of each image after

reconstruction by different methods on Set5 dataset

Set5 RE  Bicubic SRCNN  DRCN LapSRN AX T
Baby X2 37.05 38.52 38.79 38.75 38.93
Bird X2 36.79 40. 90 42.67 42.47 43.39
Butterfly X2 27.43 32.74 34.56 34.42 35.52
Head X2 34,84 35.71 35.95 35.92 36.03
Woman X2 32.14 35.35 36.15 36. 04 36. 49

3 A AL R A W EUREE LY PSNR/SSIM {E*T 1L
Table 3 Average PSNR and SSIM comparisons of the proposed method and other methods on four datasets

B & RE Bicubic SRCNN DRCN LapSRN A X T &k
X2 33.66/0.9299  36.66/0.9542  37.63/0.9588  37.52/0.9591  38.07/0.9607
Set5 X3 30.39/0.8682  32.75/0.9090  33.82/0.9226  33.82/0.9227  34.48/0.9278

X4 28.42/0.8104 30.48/0.8628

31.53/0.8854 31.54/0.8855 32.25/0.8960

X2 30.24/0.8688 32.45/0.9067
Setl4 X3 27.55/0.7742 29.30/0.8215
X4 26.00/0.7027 27.50/0.7513

33.04/0.9118 33.08/0.9130 33.59/0.9176
29.76/0.8311 29.79/0.8320 30.39/0. 8437
28.02/0.7670 28.19/0.7720 28.63/0.7836

X2 29.56/0.8431 31.36/0.8879
BSD100 X3 27.21/0.7385 28.40/0.7863
X4 25.96/0.6675 26.90/0.7101

31.85/0.8942 31.08/0.8950 32.23/0.9102
28.80/0.7963 28.82/0.7973 29.15/0.8063
27.23/0.7233 27.32/0.7280 27.60/0.7371

X2 26.88/0.8403 29.50/0.8946
Urban100 X3 24.46/0.7349 26.24/0.7989
X4 23.14/0.6577 24.52/0.7221

30.75/0.9133 30.41/0.9101 32.31/0.9343
27.15/0.8276 27.07/0.8272 28.32/0.8517
25.14/0.7510 25.21/0.7553 26.21/0.7910
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Fig. 4 Comparison of reconstruction results of different algorithms at 3X magnification(PSNR/SSIM)
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