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Image Super-resolution Reconstruction Based on Structured Fusion Attention Network

YU Jiuyang,ZHANG Dean.DAI Yaonan, HU Tianhao and XIA Wenfeng

Hubei Green Chemical Equipment Engineering Technology Research Center, Wuhan 430205, China
School of Mechanical and Electrical Engineering, Wuhan Institute of Technology, Wuhan 430205, China
Abstract Aiming at the problems of weak feature extraction ability and complex model parameters in existing image super-reso-
lution models,an image super-resolution reconstruction model based on structured hybrid attention network is proposed. This
model can reduce the number of parameter while improving the super-resolution reconstruction effect. First, the encoder is struc-
tured to extract more image features through the difference in the number of channels. Second, the attention network hybrid reor-
ganization is performed on the output features of the encoder to enhance the feature characteristics of the image. Finally,a residual
method is used to directly mix the input shallow image features with the enhanced features to reduce the amount of network pa-
rameters, Experimental results show that under the premise of public data sets and different magnifications,the PSNR value and
SSIM value of the proposed model are basically optimal,and the parameter amount of the network structure is low,which better

balances the relationship between performance and parameter complexity in the process of image super-resolution reconstruction.

Keywords Image processing ., Super-resolution, Structured residuals,Fused attention, Low model parameters
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Table 1 Encoder module and decoder module ablation experiments
Components Combination
DSCL N N N,
Parallelism N/ N/ NG NG
Fusion N4 N4
PSNR 29.01 31.98 30.93 32.15 32.42 32.78
SSIM 0.8857 0.8993 0.8936 0.9091 0.9110 0.9203
Parameter 2.3 2.0 2.1 1.8 2.1 1.7
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Fig. 4 Ablation experiment of high-frequency residual module
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Table 2 DIV2K experiment comparison
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method scale -
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“ PSNR 31.35 35.03 36. 60 38.75
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Fig.5 Convergence analysis of SFSR based on DIV2K
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Table 3 Average PSNR of datasetswith different structures

Data set Scale Bicubic DIN SRCNN VDSR DRCN DRSR Our SFSR
X2 33.66 38.26 36.33 37.53 38.26 38.21 38.35
Set5 X3 30.39 34.76 32.75 33.66 34.75 34.68 34.96
X4 28.42 32.67 30.48 31.35 32.60 32.43 32. 80
X2 30.24 34.03 32.45 33.05 34.02 33.92 34.43
Setl4 X3 27.55 30.65 29.30 29.78 30.59 30.55  30.81
X4 26.00 28.87 27.50 28.02 28.88 28.86 29.10
X2 29.56 32.35 31.36 31.91 32.36 32.33 32.61
BSD100 X3 27.21 29.29 28.41 28.83 29.33 29.25 29.53
X4 25.96 27.78 26.90 27.29 27.70 27.74  27.96

4 BARETE ARSI T Y SSIM ¥l

Table 4 Average SSIM of datasetswith different structures

Data set Scale Bicubic DIN SRCNN VDSR DRCN DRSR Our SFSR

X2 0.9299 0.9616 0.9542 0.9587 0.96150.9612 0.9626

Set5 X3 0.86820.9298 0.9090 0.9140 0.9300 0.9290 0.9330
X4 0.8104 0.9006 0.8628 0.8657 0.9002 0.8984 0.9031

X2 0.86880.9214 0.9063 0.9088 0.9213 0.9204 0.9260

Setl4 X3 0.7742 0.8480 0.8209 0.8242 0.8476 0.8464 0.8532
X4 0.7027 0.7890 0.7503 0.7535 0.7890 0.7879 0.7939

X2 0.84310.9018 0.8879 0.8906 0.9020 0.9016 0.9057

BSD100 X3 0.7385 0.8098 0.7863 0.7897 0.8114 0.8088 0.8234
X4 0.66750.7437 0.7101 0.7128 0.7416 0.7415 0.7481
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Fig. 6 Super-resolution results of flower images processed by

different algorithms under twice magnification factor
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Fig. 7 Super-resolution results of bird images processed by
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Fig. 8 Super-resolution results of comic images processed by

different algorithms under four times magnification factor
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