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Image super-resolution reconstruction based on hybrid deep convolutional network
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Abstract: Aiming at the problems of blurred image, large noise, and poor visual perception in the traditional image
super-resolution reconstruction methods, a method of image super-resolution reconstruction based on hybrid deep
convolutional network was proposed. Firstly, the low-resolution image was scaled down to the specified size in the up-
sampling phase. Secondly, the initial features of the low-resolution image were extracted in the feature extraction phase.
Thirdly, the extracted initial features were sent to the convolutional coding and decoding structure for image feature
denoising. Finally, high-dimensional feature extraction and computation were performed on the reconstruction layer using
the dilated convolution in order to reconstruct the high-resolution image, and the residual learning was used to quickly
optimize the network in order to reduce the noise and make the reconstructed image have better definition and visual effect.
Based on the Setl4 dataset and scale of 4x, the proposed method was compared with Bicubic interpolation (Bicubic) ,
Anchored neighborhood regression (A+), Super-Resolution Convolutional Neural Network (SRCNN), Very Deep Super-
Resolution network (VDSR) , Restoration Encoder-Decoder Network (REDNet). In the super-resolution experiments,
compared with the above methods, the proposed method has the Peak Signal-to-Noise Ratio (PSNR) increased by 2. 73 dB,
1.41dB,1.24 dB,0. 72 dB and 1. 15 dB respectively, and the Structural SIMilarity (SSIM) improved by 0. 067 3,0. 0209,
0.0197,0.002 6 and 0. 004 6 respectively. The experimental results show that the hybrid deep convolutional network can
effectively perform super-resolution reconstruction of the image.

Key words: image super-resolution reconstruction; image feature denoising; hybrid deep convolutional network;

deconvolution; dilated convolution
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Tab. 1 Residual learning testing (learning rate: 0. 001)

5 A o Epoch >4 10 Epoch >4 20 Epoch >4 40 Epoch >4 60 Epoch >4 80
PSNR/IB SSIM PSNR/B  SSIM PSNR/B  SSIM  PSNR/IB  SSIM  PSNR/B  SSIM
, x2 13.89  0.3757 1422 0.3757 1408 0.4229  14.05 0.3971 14.37  0.3929
No-Residual x4 1418 0.3942  13.20  0.3975 1420 0.3844  13.44  0.3669 14.37  0.4035
Single-Residual x2 29.23  0.9018  30.96  0.7864 32.08  0.9124  32.60  0.9080 31.87  0.9008
(local) x4 27.34  0.7244  28.15  0.7324  28.66 0.7438  28.41  0.7432  28.34  0.7387
Single-Residual x2 2813 0.8982  31.48  0.8888  34.02 0.9177 32.96 0.9046 32.87 0.9118
(long range) x4 27.79  0.7323  27.54  0.7744 28.97 0.7497 28.16 0.7472  29.26  0.7549
x2 20.54  0.8988  33.59  0.9155 34.22  0.9194 3538  0.9285 34.51  0.9228
Multi-Residual
x4 25.25  0.6766  26.30  0.7067 29.31  0.7743  28.64 0.7403 29.74  0.7715
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Tab.2 Performance comparison of different SR methods
el - Bicubic A+ SRCNN VDSR REDNet AT
PSNR/AB  SSIM  PSNR/AB  SSIM  PSNR/AB  SSIM  PSNR/AB  SSIM  PSNR/AB  SSIM  PSNR/AB  SSIM
- X2 33.66 0.9099 36.54 0.9544 36.66 0.9542 37.53 0.9587 37.43 0.9590 37.78 0.9598
x4 28.42 0.8104 30.28 0.8603 30.48 0.8628 31.35 0.8838 31.12 0.8794 32.13 0.9042
Cila X2 30.24 0.8688 32.28 0.9056 32.42 0.9063 33.03 0.9124 32.77 0.9125 33.39 0.9074
x4 26,00 0.7027 27.32 0.7491 27.49 0.7503 28.01 0.7674 27.58 0.7654 28.73 0.7700
BSD100 X2 29.56 0.8431 31.21 0.8863 31.36 0.8879 31.90 0.8960 31.99 0.8974 32.13 0.9095
x4 2596 0.6675 26.82 0.7087 26.90 0.7101 27.29 0.7251 27.40 0.7290 28.15 0.7324
X2 26.88 0.8403 29.20 0.8938 29.50 0.8946 30.76 0.9140 30.56 0.8623 31.48 0.9108
Urban100 x4 2314 0.6577 24.32 0.7183 24.52 0.7221 25.18 0.7524 24.80 0.7318 26.29 0.7370
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Fig. 6 Comparison of reconstruction results by different SR methods
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