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A super-resolution algorithm for inverted residual images
based on attention mechanism

LI Meiyu, DING lJifeng, AO Yingjian, ZHANG Haoran, JIN Hongxuan

(School of Information and Communication Engineering, Dalian Minzu University, Dalian 116605, Liaoning, China)

Abstract; In order to address the issues of insufficient image feature extraction and poor performance of image super—resolution
models in image super—resolution tasks, an image super—resolution model based on an attention mechanism based inverted residual
feature extraction network is proposed. This model consists of three parts: shallow feature extraction, deep feature extraction, and
high—quality image reconstruction. Specifically, the shallow feature extraction module still uses a convolutional layer to extract
shallow features from the input image, while the deep feature extraction module consists of four residual inverted attention modules
and nine parallel residual Swin Transformer Feature Extraction Block (STFEB ), each module having six Swin Transformer layers
along with a residual connection. The high—quality image reconstruction module adopts an upsampling mechanism. A large number
of experiments have shown that the model performs well under different magnification conditions and exhibits competitive
performance compared to existing methods.
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Fig. 1 A super - resolution reconstruction model for inverted

residual images based on attention mechanism
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Fig. 2 Deep feature extraction module
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Fig. 3 Inverse Residual Attention Module
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Table 1 Comparison of results between benchmark dataset

PSNR/SSIM
FiA %L
Set5 Set14 BSD100 Urban100
Bicubic x2 33.66/0.929 9 30.24/0. 868 8 29.56/0.834 1 26.88/0. 840 3
SRCNN x2 36.66/0.954 2 32.45/0.960 7 31.36/0.887 9 29.05/0.894 6
FSRCNN x2 37.00/0.955 8 32.63/0.908 8
VDSR x2 37.53/0.958 7 33.05/0.913 0 31.90/0. 896 0 30.76/0.914 0
SRGAN X2
LESRCNN x2 37.65/0.959 33.32/0.915 31.95/0. 896 31.45/0.921
MemNet x2 37.78/0. 960 33.28/0.914 32.08/0. 898 31.31/0.920
IMDN x2 38.00/0. 961 33.63/0.918 32.19/0. 900 32.17/0.928
RISR x2 38.02/0. 960 33.55/0.917 32.16/0. 899 32.08/0. 928
Bicubic x3 30.49/0.929 9 30.24/0. 868 8 29.56/0.738 5 26.88/0.840 3
SRCNN x3 32.75/0.954 2 32.45/0.960 7 28.41/0.786 3 26.24/0.798 9
FSRCNN x3 33.16/0.914 0 29.43/0.824 2
VDSR x3 33.67/0.921 0 29.78/0.832 0 28.83/0.799 0 27.14/0.829 0
SRGAN x3
LESRCNN x3 33.93/0.923 30. 12/0. 838 28.91/0. 801 27.70/0. 841
MemNet x3 34.09/0.925 30. 00/0. 838 28.96/0. 800 27.56/0. 838
IMDN x3 34.36/0.927 30. 32/0. 842 29.09/0. 805 28.17/0. 852
RISR x3 34.41/0.925 30.29/0. 848 29.08/0. 804 28.24/0. 867
Bicubic x4 28.42/0.810 4 26.00/0.702 7 25.96/0. 667 5 23.24/0.657 7
SRCNN x4 30.48/0. 826 8 27.65/0.751 3 26.90/0.722 1 24.52/0.721 1
FSRCNN x4 30.71/0.865 7 27.59/0.753 5
VDSR x4 31.35/0.883 0 28.11/0.762 4 27.29/0.716 7 25.18/0.896 0
SRGAN x4 29.40/0. 847 2 26.02/0.739 7 25.16/0. 668 8
LESRCNN x4 31.88/0. 890 28.44/0.777 27.45/0.731 25.77/0.773
MemNet x4 31.74/0. 892 28.26/0.772 27.40/0. 728 25.50/0.763
IMDN x4 32.21/0. 895 28.58/0. 781 27.56/0. 735 26.04/0.787
RISR x4 32.24/0. 895 28.60/0. 782 27.60/0. 739 26.06/0.797
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5L IRAB Set5
X2 2 37.88/0.959
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x3 2 34.27/0.923 2
4(A&30) 34.41/0.932
6 34.39/0.927
x4 2 31.99/0. 880
4(A30) 32.19/0. 900
6 32.12/0. 887
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test set

1558 IRAB Set14

x2 2 33.11/0.912
4(A3) 33.73/0.921

6 33.45/0.916

x3 2 30. 06/0. 835
4(7R30) 30.35/0. 848

6 30. 30/0. 841

x4 2 28.28/0.773
4(A3) 28.60/0. 782

6 28.49/0.778
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X2 2 31.77/0. 888
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x3 2 28.57/0. 801
4(A30) 29.11/0. 820

6 29.09/0. 815

x4 2 26.96/0. 730
4(A3C) 27.58/0.750

6 27.43/0.744
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Table 7 Impact of the number of STFEBs on the model on the
BSD100 test set

e STFEB BSD100
x2 6 31.65/0. 886
9(AI) 32.20/0. 901
12 32.03/0. 890
28.65/0. 789
9(A3L) 29.11/0. 820
12 29.06/0. 811
x4 6 26.96/0.721
9(AI) 27.58/0.750
12 27.48/0. 743

STFEB #5141 Fil S B 45 R AN 1&l 9 Firz (8

BEh 9 B STFEB BB 5 #2457 2 ff ik .3

test set
15 STFEB Set5

X2 6 37.85/0. 958
9(A3L) 38.02/0.963
12 37.96/0. 959
x3 6 34.11/0. 907
9(A30) 34.41/0.932
12 34.35/0.921
x4 6 31.87/0. 889
9(A3L) 32.19/0. 900
12 32.04/0. 893
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Table 6
Set14 test set

HiA sz vh ik £ STFEB Bl 9 il 4%
TWRABECH 3 F1 4 B, STFEB %5 % 455 80 fik

Impact of the number of STFEBs on the model on the 52 ﬂrﬁj Lﬁ fﬁ[j{ﬁq‘ﬁj’ﬂ 2 Hﬁ‘;@{u ,E*ﬁﬁ%@ﬂﬂ 9 Zﬁﬁ,

RO I ok T PERENS 45, (H G B

I, PERESY SR W0 T e, O T R R

1E4L STFEB Set14

x2 6 33.28/0.911
9(AI) 33.73/0.921

12 33.59/0.914

X3 6 29. 88/0. 833
9(A) 30.35/0. 848

12 30. 01/0. 839

x4 6 28.27/0.771
9(A) 28.60/0. 782

12 28.44/0.774
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