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Abstract: To address the problem of the blurring of the texture details of reconstructed images due to the
insufficient utilization of global and local high- and low-frequency spatial information, this paper proposes
an image super-resolution reconstruction model based on attention and a wide-activated dense residual net-
work. First, four parallel convolution kernels with different scales are used to fully extract the low-frequen-
cy features of the image as the prior information for spatial feature transformation. Second, a wide-activat-

ed residual block fused with attention is constructed in the deep feature mapping module, and the low-fre-
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quency prior information is used to guide the extraction of the high-frequency features. In addition, the
wide-activated residual block extracts deeper feature maps by expanding the number of feature channels be-
fore the activation function. As a result, the constructed global and local residual connections not only
strengthen the forward propagation of the residual blocks and network features, but also enrich the diversi-
ty of the extracted features without increasing the number of parameters. Finally, the feature map is
upsampled and reconstructed to obtain a clear high-resolution image. the experimental results show that
compared with the LatticeNet model, the peak signal-to-noise ratio of the proposed algorithm is improved
by 0. 14 dB, and the structural similarity is improved by 0. 001 at 4 X super resolution on the BSD100 da-
taset. In addition, the local texture details of the reconstructed image are also clearer in subjective visual-
1zation.
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Fig.1 Structure of attention and wide-activated dense residual network
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Fig.4 Comparison of reconstruction effects of different combinations on Urban100_img002
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Tab.2 Effect of convolution kernel size and connection mode of spatial feature transformation layer on performance of 2X

super resolution reconstruction

PSNR/dB
HE% T G
Set5 Setl4 BSD100 Urban100
I 1 38.075 33.612 32.220 32.283
GRS 3 38.083 33.597 32.219 32.247
FIRS 1 38.080 33.623 32.230 32.341
EIRS 3 38.080 33.612 32.222 32.239

TE I PR R R 8 R L, T IR R %8 AL fE

3.2.4 EFTAAE N AR K

T ik — 25 W SR R A T B B
A RCE R R B S B Y 28 L R T PL R
PEAT HRL . LR AN R ANER 3 RN AR T A
ATEZ T ALH RSO0, 28 AE 4 AT AR Y

PSNR 5 #5 43 5 $2 7+ 17 0.042, 0. 051, 0. 028,
0.283 dB, 840 UE B T W 4% il 5 2 & S AL A
Pk o m A SK U J3 A I T A SE, CA,
CBAM % 28 BLyE 22 1AL, I 26 Ve Re 42 T By 1]
L AE B T 2 gl A SK O HLED B p o
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Tab.3 Effects of attention mechanisms on 2X super-resolution reconstruction performance

- ‘ PSNR/dB
TE T ST B A 2L 4%
Set5 Setl4 BSD100 Urban100
X 38.038 33.572 32.202 32.058
SE 38. 046 33.543 32.165 32.020
CA 38. 069 33.558 32.175 32.082
CBAM 38.005 33.482 32.167 31.913
SK 38. 080 33.623 32. 230 32.341

T I AR R 28 R L8, IR R % A fE

3.3 HEREHMERIE
AR SCH I 4k 300 4 35 ACJE ] (Epoch) , 9]
EX AR TR O AR BT A M S5 2 an 181 6 T s

g — WDRN_X2
— WDRN_X3
— WDRN_X4
74
v 61
8
—
54
4 i
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Fig. 6 Loss function curves at different magnifications
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Tab.4 Reconstruction comparison on baseline dataset at magnifications of 2, 3 and 4 (dB)
I ON _— Set5 Setl4 BSD100 Urban100
(1 PSNR  SSIM  PSNR  SSIM  PSNR  SSIM  PSNR  SSIM
Bicubic™ 36. 66 0.929 30. 24 0.868 29.56 0.843 26.88 0. 840
ESPCN™ 37.00 0.956 32.75 0.910 31.51 0.89%4 29.87 0.907
VDSR™Y 37.54 0.959 33.03 0.912 31.90 0. 896 30.76 0.914
DRCN™ 37.63 0.959 33.06 0.912 31.85 0. 884 30.76 0.913
X2 LapSRN"™! 37.52 0.959 32.99 0.912 31.80 0. 895 30. 45 0.913
WDSR _Mini* 37.96 0.960 33.50 0.914 32.13 0.899 31.79 0.921
IMDN" 38.00 0.961 33.63 0.912 32.19 0.900 32.17 0.928
LatticeNet'™ 38.15 0.961 33.78 0.919 32.25 0.901 32.43 0.930
WDRN 38.08 0.966 33.59 0.970 32. 20 0.900 32.31 0.938
Bicubic 30. 39 0.868 27.55 0.774 27.21 0.738 24.46 0.735
ESPCN 33.02 0.914 29.49 0. 827 28.50 0.794 26.41 0.816
VDSR 33.65 0.921 29.78 0.831 28.82 0.798 27.14 0.828
DRCN 33.82 0.923 29.77 0.831 28.80 0.796 27.15 0.823
X3 LapSRN 33.82 0.923 29.87 0.832 28.83 0.798 27.08 0. 828
WDSR_Mini 34.375 0.925 30. 31 0.840 29.06 0.803 27.97 0.847
IMDN 34. 36 0.927 30.32 0.842 29.09 0. 805 28.17 0. 852
LatticeNet 34.53 0.928 30.39 0.842 29.15 0. 806 28.33 0.854
WDRN 34.58 0.938 30. 47 0.910 29.17 0. 806 28.45 0. 857
Bicubic 28.42 0. 810 26.00 0.703 25.96 0.668 23.14 0.657
ESPCN 30. 66 0. 865 27.71 0.756 26.98 0.712 24.60 0.736
VDSR 31.35 0. 884 28.01 0.767 27.30 0.725 25.18 0.751
DRCN 31.53 0.885 28.03 0.767 27.24 0.723 25.14 0.751
X4 LapSRN 31.54 0. 886 28.19 0.772 27.33 0.726 25.21 0. 756
WDSR _Mini 32.17 0.893 28.59 0.783 27.56 0.731 25.95 0.778
IMDN 32.21 0.895 28.58 0.787 27.56 0.735 26.04 0.784
LatticeNet 32. 30 0.896 28.68 0.783 27.62 0.737 26.25 0.787
WDRN 32.33 0.909 28.77 0.854 27.66 0.738 26.39 0.786
TE I TR SRR 50 e A, T 2 Rom B9 e
(a) Ground truth (b) Bicubic (c) ESPCN (d) VDSR (e) DRCN
PSNR/SSIM 31.77/0.923 32.20/0.932 33.41/0.953 3.51/0.953

() LapSRN  (g) WDSR_Mini (h) IMDN
33.53/0.953 33.75/0.954 33.74/0.955

E 7  ARFEJ5EETE Set5_baby - 1Y 8 #8508 %}

|

2

(i) LatticeNet

33.75/0.955

Fig. 7 Comparison of reconstruction effects by different methods on Set5_baby

(j) WDRN
33.85/0.956
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(a) Ground truth (b) Bicubic (c) ESPCN (d) VDSR (e¢) DRCN
PSNR/SSIM 27.46/0.942 28.95/0.956 31.59/0.976 31.80/0.976
(f) LapSRN (g) WDSR_Mini (h) IMDN (i) LatticeNet (j) WDRN
31.61/0.976 32.73/0.977 32.75/0.980 32.68/0.980 32.77/0.982

&8  RI[AJTEEAE Setl4d  monarch | A 5 ZE 850 % L

Fig. 8 Comparison of reconstruction effects by different methods on Set14_ monarch

NIAINIANAN

(a) Ground truth (b) Bicubic (c) ESPCN (d) VDSR (e) DRCN
PSNR/SSIM 21.30/0.626 21.39/0.632 22.34/0.689 22.39/0.689
(f) LapSRN (g) WDSR_Mini (h) IMDN (i) LatticeNet (j) WDRN
22.38/0.691 22.62/0.701 22.61/0.702 22.63/0.700 22.86/0.708

9 ARIJLEBSD100_253027 |- i @R X He
Fig.9 Comparison of reconstruction effects by different methods on BSD100_253027

%o~ () Ground truth (b) Bicubic (¢) ESPCN (d) VDSR (¢) DRCN
- - PSNR/SSIM 22.16/0.863 22.18/0.868 23.29/0.921 23.27/0.920
& 5%
2 A \ y \ 4 Ny \ \
(f) LapSRN (g) WDSR_Mini (h) IMDN (i) LatticeNet (j) WDRN
23.27/0.921 23.45/0.923 23.47/0.926 23.54/0.923 23.82/0.937

E 10 A[EJ7 7 Urban100_img091 1+ i T HERUR XF H
Fig. 10 Comparison of reconstruction effects by different methods on Urban100_img091
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