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Abstract Image super-resolution reconstruction technology is widely used in real life. An end-to-end deep convolutional
neural network (CNN) based on residual learning wasproposed to solve the problems of simple network structure, slow
convergence rate and reconstructed texture blur in the network super-resolution CNN to further improve the quality of
image reconstruction. The network is jointly trained by the local residual network and the global residual network,
which increases the width of the network and learns different effective features. The local residual network includes
three stages:feature extraction,upsampling and multi-scale reconstruction. The effective local features are extracted by
densely concatenated blocks and the rich context information is obtained by multi-scale reconstruction,which is benefi-
cial to the recovery of high-frequency information. In the global residual network. progressive upsampling is used to
achieve multi-scale image reconstruction,and the convergence speed is improved by residual learning. Quantitative and
qualitative evaluations are performed on the benchmark datasets Set5,Set14,B100,and Urbanl00 for scale factor of 2,
3,and 4. The proposed algorithm shows improved performances by 34. 70dB/0. 9295,30. 54dB/0. 8490,29. 27dB/0. 8096,
and 28. 81 dB/0. 8653 on scale factor of 3. In terms of qualitative comparison,the proposed method reconstructs a clea-
rer image.and preserves the edge details in the image better. The experimental results show that the proposed me-
thod has been greatly improved in subjective vision and objective quantization, which can improve the quality of image
reconstruction effectively.

Keywords Super resolution, Residual learning,Convolutional neural network,Joint training, End-to-end
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Network structure of joint training for local residual network and global residual network
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Table 2 Average PSNR/SSIM comparison of different algorithms at different noise levels

AR & RE Bicubic A+ SRCNN EEDS VDSR EDSR AXE*
2 33.66/0.9299 36.54/0. 9544 36.66/0.9542 37.29/0.9579 37.53/0.9587 38.11/0.9602 38.17/0.9605
Set5 3 30.39/0.8682 32.58/0.9088 32.75/0.9090 33.47/0.9191 33.66/0.9213 34.66/0.9280 34.70/0.9295
4 28.42/0.8104 30.28/0.8603 30.48/0.8628 31.14/0.8783 31.35/0.8838 32.46/0.8968 32.50/0.9013
2 31.24/0.8688 32.28/0.9056 32.42/0.9063 32.81/0.9105 33.03/0.9124 33.92/0.9195 33.99/0.9210
Setl4 3 27.55/0.7742 29.13/0.8188 29.28/0.8209 29.60/0.8284 29.77/0.8314 30.52/0.8462 30.54/0. 8490
4 26.00/0.7027 27.32/0.7491 27.49/0.7503 27.82/0.7626 28.01/0.7674 28.80/0.7876 28.83/0.7875
2 29.56/0.8431 31.21/0.8863 31.36/0.8879 31.64/0.8928 31.90/0. 8960 32.32/0.9013 32.31/0.9012
B100 3 27.21/0.7349 28.29/0.7835 28.41/0.7863 28.64/0.7925 28.82/0.7976 29.25/0.8093 29.27/0.8096
4 25.96/0.6675 26.82/0.7087 26.90/0.7101 27.11/0.7200 27.29/0.7251 27.71/0.7420 27.73/0.7419
2 26.88/0.8403 29.20/0.8938 29.50/0.8946 30.59/0.8710 30.76/0.9140 32.93/0.9351 32.94/0.9351
Urbanl00 3 24.46/0.7349 26.03/0.7973 26.24/0.7989 26.82/0.803 27.14/0.8279 28.80/0.8653 28.81/0.8653
4 23.14/0.6577 24.32/0.7183 24.52/0.7221 24.70/0.7145 25.18/0.7524 26.64/0.8033 26.64/0.8031
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Fig. 4 Super-resolution results for scale factor X2 on Set5

(bird image)
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Fig. 5 Super-resolution results for scale factor X2 on

Urbanl00 (img_060)

Fig. 8 Super-resolution partial magnification results for scale

factor X4 on Setl4 (zebra image)
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Fig. 6  Super-resolution results for scale factor X4

K9 B100(img_001)7E L i (K 7 X 4 T iy 7 B A BUR
Fig. 9 Super-resolution results for scale factor X4

on B100(img_001)
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Fig. 10 Convergence diagram of different network models

on Set5 data set
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Fig. 11  Output of proposed network and subnetworks with

scale factor X3
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Table 3 Ablation study of proposed component

forreconstruction quality

LRL GRL RDB MSI MS3 MS5 MS7 PSNR
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