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Super resolution reconstruction of coronary angiography images based
on the omnidirectional deep weighted lightweight network
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Abstract: To meet the requirement of clear texture of coronary angiography images in interventional surgery, this article proposes a
super-resolution image reconstruction method based on the omnidirectional deep weighted and lightweight network. Firstly, the local
convolution module is designed to reduce the dimension of the feature map to reduce its parameter quantity and speed up the processing
speed of the model. Then, the self-attention mechanism module is used to fuse the channel and spatial information of the image to obtain
the rich high-frequency detail features of the image. In addition, to further extract the deep feature information of the image, a cascade
and weight matching layer attention structure is designed to assign different weights to the features of different depths of the image to
realize the super-resolution reconstruction of the image. Finally, to make the method have a stronger generalization ability in real
interventional coronary angiography images, a coronary angiography image dataset ( CAID) is constructed for training and testing the
network model. The experimental results show that, compared with the Omni-SR algorithm, the proposed algorithm reduces the number
of parameters by 32.3% and the running time by 17.74%. Meanwhile, the quality of the reconstructed image is better than other
comparison algorithms in terms of objective indicators and subjective feelings. The average values of PSNR and SSIM are increased by
0.72 dB and 0. 0122 on the CAID dataset, and 0. 13 dB and 0. 004 4 on the public dataset, respectively.
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Fig. 1 Omnidirectional deep weighted super resolution reconstruction network architecture
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Fig.2 Local convolution structure
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Fig. 3 Diagram of the layer attention block
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Fig. 4 Images of coronary angiography image dataset
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Table 1 Quantitative comparison of the most advanced
lightweight image SR on CAID datasets

Scale  Method  Params MSE PSNR SSIM

Bicubic 75 4.8797 4113 0.9355

CARN 1592 4.2804 42,22 0.9311

RFDN-L 643 3.9605  42.57  0.939 1

2 SwinIR 897 3.6268  43.26  0.9318
Omni-SR 792 3.1572  43.95  0.938 1

AL 536 2.3929 45.39  0.9755

Bicubic 75 8.5799  38.35  0.9056

CARN 1592  6.5357  39.65  0.9102

RFDN-L 643 6.0345  39.97  0.9126

. SwinIR 897 5.7958  40.15  0.9148
Omni-SR 792 5.2223  40.59  0.9155

£ 536 4.1362  41.51 0.935 4

Bicubic 75 15.8888  36.15  0.8826

CARN 1592 12,1535 37.05  0.8874

RFDN-L 643 10.0745  37.75  0.8980

x“ SwinIR 897 9.7638  37.83  0.8969
Omni-SR 792 10.3257  37.69  0.8915

A3 536 8.2419  38.41 0.903 7
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Table 2 Quantitative comparison of different SR algorithms on the baseline datasets

Scale Method Params Set5 Set14 Urban100
PSNR/SSIM PSNR/SSIM PSNR/SSIM

Bicubic 75 33.66/0.929 9 30.24/0. 868 8 26.88/0. 840 3

CARN 1592 37.81/0.959 5 33.55/0.917 0 31.97/0.925 5

RFDN-L 643 38.10/0. 960 8 33.64/0.918 9 32.25/0.929 1

x2 RLFN 543 38.07/0.960 7 33.75/0.919 0 32.33/0.929 9
SwinlR 897 38.16/0.961 3 33.86/0.920 7 32.77/0.934 3

Omni-SR 792 38.29/0.961 7 34.27/0.923 8 33.30/0.938 6

AL 536 38.35/0.963 5 34.33/0.925 3 33.36/0.940 9

Bicubic 75 30. 39/0. 868 2 27.55/0.774 2 24.46/0.734 9

CARN 1592 34.31/0.925 7 30.31/0. 841 0 28.06/0. 849 3

RFDN-L 643 34.46/0.927 9 30.35/0. 842 1 28.34/0.855 2

X3 RLFN 543 34.51/0.928 3 30.45/0. 844 1 28.49/0. 859 4
SwinlR 897 34.65/0.929 1 30.55/0. 846 5 28.67/0. 862 4

Omni-SR 792 34.76/0. 930 4 30.70/0. 848 9 29.12/0.871 0

A3 536 35.84/0.932 1 30.76/0.849 8 29.17/0.872 9

Bicubic 75 28.42/0.810 4 26.00/0.702 7 23.14/0. 657 7

CARN 1592 32.15/0.895 1 28.55/0.779 3 26.15/0.788 2

RFDN-L 643 32.34/0.898 7 28.65/0.782 5 26.35/0.789 7
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Table 3 Algorithm complexity comparison
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Fig. 12 The number of algorithm parameters is compared
with the corresponding PSNR value on the coronary
angiography dataset
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