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Gated convolutional neural network for image super-resolution
reconstruction algorithm
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Abstract:In recent years,convolutional neural networks have been widely used in the field of image su-
per-resolution. The super-resolution algorithm based on convolutional neural network has some prob-
lems, such as insufficient feature extraction of image,large number of parameters and difficult training.
Therefore, this paper proposes a lightweight image super-resolution reconstruction algorithm based on
gated convolutional neural network (GCNN). Firstly, the shallow feature extraction of the original low-
resolution image is carried out by convolution operation. Then, the gated residual blocks (GRB) and long
and short residual connections fully extract image features,and its high-efficient structure can also accel-
erate the network training process. The gated unit (GU) in the GRB uses the regional self-attention
mechanism to extract the weight of each feature point in the input feature map. And then it multiplies
the gate weight by the input feature element by element as the output of the GU. Finally, high-resolution
images are reconstructed using sub-pixel convolution and convolution module. Experiments are conducted
on Setl4, BSD100, Urban100 and Mangal(09 datasets. Compared with the classical methods, not only
does the algorithm in this paper have higher peak signal-to-noise ratio and structural similarity, but also
the reconstructed image has clearer contour edges and details.
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Fig. 1 The network architecture of GU
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Fig.2 The GU weight map of different network layers
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Fig. 4 The network architecture of GCNN
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NN X FA5 B FH g i G A Bk i =3 RE 1. 1 X
7 G 0T 1 55 1 1 Mangal 09 #5044 R B0 1 2,
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SEH AR L X E] T GCNN A AL 5 10 B 1%
SR e

F1 EWNRETAEBS PEEENTY PSNR(dB)/SSIM
Tab.1 Average results of PSNR (dB),SSIM for different super-resolution methods in the test set

Data set Magnification Bicubic VDSR DASR EDSR-Baseline RCAN-Baseline GCNN
X2 33.66/0.93 37.53/0.96 37.87/0.96 37.98/0.96 38.02/0.96 38.11/0. 96
Set5 X3 30.39/0.87 33.66/0.92 34.11/0.92 34.36/0.93 34.43/0.93 34.57/0.92
X4 28.42/0.81 31.35/0.88 31.99/0.88 32.09/0. 89 32.27/0. 89 32.39/0. 89
X2 30.24/0.87 33.03/0.91 34.34/0.92 33.56/0.92 33.65/0.91 33.80/0.92
Setl4 X3 27.55/0.78 29.77/0.83 30.13/0.84 30.28/0. 84 30.33/0. 84 30.46/0. 84
X 4 26.00/0.70 28.01/0.76 28.50/0.78 28.57/0.78 28.67/0.78 28.76/0.78
X2 29.56/0.84 31.90/0.89 32.03/0.90 32.15/0.90 32.21/0.90 32.27/0.90
B100 X3 27.21/0.74 28.82/0.79 28.96/0. 80 29.08/0. 81 29.13/0.90 29.20/0. 80
X 4 25.96/0.67 27.29/0.72 27.50/0.73 27.56/0. 74 27.62/0.73 27.67/0.74
X2 26.88/0.84 30.76/0.91 31.49/0.92 31.97/0.93 32.37/0.93 32.44/0.93
Urban100 X3 24.46/0.74 27.14/0.82 27.65/0.84 28.14/0. 85 28.28/0. 85 28.48/0. 85
X4 23.14/0.65 25.18/0.75 25.82/0.78 26.03/0.789 26.29/0.79 26.39/0.79
X2 30.80/0.94 37.22/0.97 38.34/0.98 38.54/0.97 38.97/0.97 38.97/0.97
Mangal09 X3 26.95/0.86 32.01/0.93 33.10/0.93 33.44/0.94 33.78/0.94 33.98/0. 94
X4 24.89/0.79 28.83/0.88 30.12/0.90 30.35/0.90 30.75/0.91 30.90/0.91
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Fig.5 Reconstruction visualization results from different methods with scale X 4
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Tab.2 Model size and parameter of different methods

Method Residual Residual Channel Parameter

group block number  quantity/M
SRCNN 64 0.11
SRResNet — 16 64 1. 55
DASR 5 B 64 5.8
EDSR-Baseline — 16 64 1.37
RCAN-Baseline 3 6 64 1.56
GCNN 3 4 64 1. 21
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