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Tab.3 Comparison results of different algorithms on Pavia Centre scene dataset

(=R7S RMSE | MPSNR 1 cct SAM | ERGAS | MSSIM 1
Bicubic 0.043 7 27.587 4 0.859 4 6.1399 6.881 4 0.696 1
VDSR 0.0419 27.882 1 0.8659 6.700 4 6.699 1 0.724 2
RCAN 0.037 6 28.816 5 0.8917 5.978 5 6.048 5 0.771 9
TLCNN 0.043 1 27.668 2 0.856 3 6.901 3 6.913 9 0.714 1
3DCNN 0.039 6 28.411 4 0.8813 5.866 9 6.266 5 0.750 1
DeepPrior 0.0410 28.106 1 0.8723 6.266 5 6.484 5 0.736 5
A A 0.028 1 31.942 2 0.940 6 6.557 7 6.742 3 0.878 6

O T AR Il fE

F2 3 AT TEAS [ 1 o D 1 KR 46 Pavia Cen-
tre scene |, AN SCRIEPIIRE FHA b Bk, H
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A RO R R IR IR RE

VAR 2 AN BE R 1 d I s i B 4R, D 5
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S B SRR BRI, X U AR A 4
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Tab.4 Comparison results of different algorithms on CAVE dataset

ik RMSE | MPSNR © cct SAM | ERGAS | MSSIM 1
Bicubic 0.021 2 34.721 4 0.986 8 4.1759 5.2719 0.927 7
EDSR 0.014 9 38.157 5 0.993 1 3.549 9 3.592 1 0.9522
RCAN 0.014 2 38.758 5 0.993 57 3.605 0 3.4178 0.953 0
SAN 0.0143 38.718 8 0.993 5 3.595 1 3.420 0 0.953 1
3DCNN 0.021 2 34.985 3 0.986 2 4.229 7 7.318 2 0.954 9
GDRRN 0.014 5 38.450 7 0.993 4 3.414 3 3.508 6 0.953 8
ASCEY 0.0139 39.1729 0.986 5 3.384 2 4.328 4 0.957 2

O A R R e
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Hyperspectral super — resolution combining multi — receptive

field features with spectral — spatial attention

QU Haicheng, WAND Yaxuan, SHEN Lei
(College of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: To address the problem that image details are liable to be lost in the process of hyperspectral super —

resolution, this study proposed a hyperspectral super — resolution algorithm that combines multi — receptive field

features and spectral — spatial attention. By fully using the high — and low — frequency information in hyperspectral
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images, this algorithm reduces the loss of image details and improves the hyperspectral super — resolution effects.
First, in the feature extraction stage, convolution with different sizes of convolutional kernels is used to obtain multi -
scale receptive field features. This assists in extracting more high — and low — frequency information from low —
resolution images, thus retaining the features of original images. Then, the acquired image features are enhanced
by the spatial — spectral attention mechanism, and the reconstruction of spatial — dimension features is conducted
using spectral — dimension information. Finally, the features of various groups are fused, and the checkerboard
pattern is relieved by applying the pixel deconvolution layer. As a result, clear and high — resolution images can be
produced. The proposed super — resolution algorithm that combines multi — receptive field features with spectral —
spatial attention was applied to two public datasets Chikusei and Pavia Center Scene, achieving peak signal —to —
noise ratios of 39. 869 7 and 31.942 2, respectively and structural similarity of 0. 937 6 and 0. 878 6, respectively.
Therefore, the super — resolution algorithm enjoys obvious performance advantages compared to the latest super —
resolution algorithms. Overall, the algorithm proposed in this study integrates the advantages of the multi —
receptive field feature extraction module and the spatial — spectral attention module and can significantly improve
image details.

Keywords: hyperspectral image ; image super resolution; multi — receptive field feature extraction; attention mech-

anism

(REHRE: BF 1E)



