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Fusion of Hyperspectral and Multispectral Images
Using a CNN Joint Multi-Scale Transformer

XU Guangxian, ZHOU Weijie, MA Fei
(School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Hyperspectral images contain rich spectral information, and multispectral images have exquisite
geometric features. More comprehensive remote sensing images can be obtained by merging high-resolution
multispectral and low-resolution hyperspectral images. However, most existing fusion networks are based on
convolutional neural networks. For remote sensing images with complex structures, convolution operations
dependent on the kernel size tend to lead to a lack of global context information in the feature fusion stage. To
ensure the quality of image fusion, this study proposes a convolutional neural network (CNN) combined with
a multi-scale transformer network to realize multispectral and hyperspectral image fusion, combining the
feature extraction capability of the CNN and the global modeling advantage of the transformer. The network
divides the fusion task into two stages: feature extraction and fusion. In the feature extraction stage, different
modules are designed for feature extraction based on the CNN. In the fusion stage, a multi-scale transformer
module is used to establish a long-distance correlation between local and global information, and the features
are mapped into high-resolution hyperspectral images through multilayer convolution layers. Experimental
results on the CAVE and Harvard datasets show that the proposed algorithm can improve the quality of fused
images better than other classical algorithms.
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3.4 CAVE HiRESLINER

MG d CAVE Bt 12 skEMRH M. K
TR M R S P EE R RS A R, BRATH 12 1
EUE MV TE bR P IME, Frbrid e fit, W
TRz, W1 PR, ASCEER A % IR 2
AR . 5RIEBEFES 775 NLSTF AHEL PSNR
febrdd s 1 1.88dB, S 1ERE S i HSRnet #HEL PSNR
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(c) NLSTFE
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# 1 ANEFTEA CAVE BE4E & 45 3
Table 1  Fusion results of different methods on CAVE data set

CAVE

Methods PSNR SAM ERGAS SSIM

CSTF 45.14 4.4 1.44 0.9873
NLSTF 47.69 3.47 1.22 0.9887
NLSTF-SMBF  42.82 6.12 2.06 0.9818
SSRNET 44.41 2.60 1.40 0.9928
ResTFNet 45.99 2.19 1.07 0.9947
MHF-Net 48.40 2.01 0.85 0.9973
HSRnet 48.82 1.86 0.79 0.9978
Ours 49.57 1.77 0.67 0.9986

Note: Red font represents the best; Blue font represents suboptimal.
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Fig.6 PSNR values of 12 test images in the CAVE dataset
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Fig.7 CAVE dataset reconstruction results and error images
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T RE . S51EBESS /Y HSRnet #HEL, PSNR 1/ #25
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2 A0 o MO T 3R B A SCRT$R AV CNN 5
transformer L8145 & A RctE . o] DU SR AL
T CAVE $#li4E, B TR % 31 J77E Harvard %1
WAL P RIELF, HAPNM AR EUMERAL G LA
X RATERL G EUR RS = 5 T, BT IR ST
TERAE RIS MR Harvard 2854 20 7k
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%2 AFEJTELE Harvard 03R4 i mh& 45 51
Table 2  Fusion results of different methods on Harvard dataset

Harvard
Methods
PSNR SAM ERGAS SSIM

CSTF 45.43 3.20 2.14 0.9814
NLSTF 46.30 3.05 1.91 0.9826
NLSTF-SMBF  45.52 3.43 2.04 0.9819
SSRNET 46.25 2.26 1.56 0.9939
ResTFNet 46.89 1.98 1.42 0.9946
MHF-Net 47.62 1.79 1.18 0.9965
HSRnet 48.28 1.69 1.09 0.9972
Qurs 48.83 1.58 0.94 0.9978

Note: Red font represents the best; Blue font represents suboptimal.
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Fig.8 PSNR values of 12 test images in the Harvard dataset
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Fig.9 Harvard dataset reconstruction results and error images
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# 3 AR PU HIRE L& 55 31 WRZE /N, EEEE B EUR . (R GT E iR 22 B 41 56
Table 3 Fusion results of different methods on PU data set 4y, Bl CAER AR AR T HSRnet E40 7 B T
Method PU (Pavia University) R . ASCTTER LS 2 6iE EUE 51T
ethods . s s fa
PSNR SAM ERGAS  SSIM %, BELNEKIERE, RO R 7 EaErGSE
CSTF 4587 210 125 0.9824 SR 228 1 2 (R SO 4H Y
NLSTF 46.41 1.97 1.20 0.9831
—o—NLSTF
NLSTF-SMBF 45.23 2.12 1.34 0.9809
NLSTE-SMBF
SSRNET 4725 143 116 0.9918 CSTE
ResTFNet 48.44 1.98 0.90 0.9940 . s SSRNET
MHF-Net 4883 140  0.885 0.9943 —o ResTENet
—o— MHF-Net
HSRnet 4918 122 074 0.9954 o HSRuet
Ours 50.08 0.989 0.56 0.9963 7 ——Ours
Note: Red font represents the best; Blue font represents suboptimal. 5 Z
Ze Bl o MR EUE DL S A5 TR AT LA H - 2R B4R
UG T AR A4S S, M8 A5 2 AT L i 7T 10 PU Hcdiatk 9 sk LA 1) PSNR &
PIEH, ACHEEM HSRnet B 244 5 H 45 K2 K Fig.10 PSNR values of 9 test images in the PU dataset
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Fig.11 PU dataset reconstruction results and error images
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transformer @l & ¥ 4% A5 Lt T~ 2% T transformer 1
Fusformer fili & X 4% , 383560 %% RO B RFIE3EA T K R
ARG AR, AR A Rl S 2 i I A RS B
e e B

4 WZREHA RS M
Table 4  Analysis of the effectiveness of network modules

Feature Extractor  Fusion network PSNR/dB  SAM ERGAS SSIM

v x (multi-scale Transformer)  46.48 213 1.05 0.9959

< v (multi-scale Transformer) ~ 48.52 194 0.89 0.9978

V v (Fusformer) 48.76 1.89 0.82 0.9981

V V' (multi-scale Transformer)  49.57 177 0.67 0.9986
4 g s I‘Eﬂ%‘%ﬁ[l%;‘ici%%ﬁlﬁi% E%‘i 2) %@é‘ﬁﬁﬁ&iﬁﬁ?
JPE transformer A EHR, M5B H 4% Jm) S LR ]
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FEEURVERAE Bl & 5 B B RSB B R 21 15
i) BT 2525 HOAE RAFAE, SE T B R4 it 1
LR VBRI 2 i 2 (5 R, FREEEE R
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(A2 B (5 AN e e R e i A5 S, 3RAS A 4T AN
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