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Abstract: To address the problems of low resolution, blurred details, and high reconstruction
difficulty in remote sensing images, a super-resolution reconstruction algorithm based on spatial
adaptive feature modulation, named SARGAN, was proposed. Firstly, regarding the generator,
a spatial adaptive multi-scale feature extraction module was proposed, and a multi-level residual
nested structure was designed to modulate the extracted global and local features layer by layer. A
feature optimization module was introduced to effectively utilize and integrate multi-scale
information. Secondly, regarding the discriminator, SARGAN optimized the discriminator
structure of the traditional visual geometry group (VGG) network, further improving the stability
of network training and the quality of generated images. Finally, experimental results show that
compared with other algorithms, SARGAN not only has improvements in peak signal-to-noise
ratio and structural similarity but also exhibits good generalization ability. The clarity and
structural integrity of the reconstructed images are improved.
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Fig. 3 Spatial adaptive feature modulation structure
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Table 2 Reconstruction performance indices of different SR algorithms on remote sensing images

Hm e T NWPU RSSCN7 UC Merced
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

SRGAN 30.8020 0.8343 31.3542 0.8562 31.230 6 0.8678
SwinlR 31.270 1 0.8353 32.0715 0.8652 31.9321 0.874 6
DBPN 31.2437 0.8343 31.792 4 0.8615 31.344 1 0.864 1
TransENet 31.2551 0.8346 31.8021 0.8617 31.3811 0.863 1
AMFFN 2 31.2613 0.8349 31.8063 0.8616 31.4429 0.8626
HAUNet 31.2362 0.8339 31.7793 0.860 7 31.5572 0.864 0
HSENet 31.2813 0.8402 32.0612 0.8616 31.509 1 0.8712
SARGAN 31.2950 0.8431 32.2508 0.8672 31.5153 0.883 4
SRGAN 26.8032 0.674 1 27.1440 0.6821 26.3729 0.664 2
SwinIR 27.1512 0.676 6 27.505 1 0.6888 26.5649 0.669 8
DBPN 27.1225 0.666 9 27.156 1 0.676 6 26.5649 0.669 8
TransENet 27.0851 0.664 9 27.4913 0.673 6 26.594 4 0.6679
AMFFN “ 27.1080 0. 666 0 27.5283 0.6752 26.523 4 0.667 8
HAUNet 27.1000 0.6657 27.628 4 0.6749 27.0337 0.6842
HSENet 27.064 6 0.664 3 27.6533 0.6737 26.6413 0.6672
SARGAN 27.194 1 0.6829 27.646 3 0.6929 27.036 7 0.689 2
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Fig. 11 Visualization results on remote sensing datasets
#=3 HEHAERXE
Table 3 Ablation experiments on each module
SENet SimAM PCM  £45k2 X HSI%+SN SR <100 G #R A B4 PSNR/SSIM
N N N N 8. 675/5.211 27.151/0. 679
N N N N 8.749/5.211 27.154/0. 679
N N N 8.675/5.211 27. 145/0. 675
N N N N 3.441/5.211 27.098/0. 673
N N N N 8.749/5. 211 27. 146/0. 673
N N N N 8.749/5.215 27.178/0. 679
N N N N N 8.749/5. 211 27. 194/0. 683
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Table 4 Reconstruction performance indices of different SR algorithms on natural images

) Set5 Setl4 BSD100 Urban100
Fi Y R IA

PSNR/dB SSIM PSNR/dB SSIM  PSNR/dB SSIM PSNR/dB SSIM

TransENet 34.50 0.92 31.12 0. 87 30.41 0. 88 28.57 0.90
AMFFN 34.91 0.93 31.10 0.89 30. 44 0.88 28.56 0.91
HAUNet x2 34.97 0.94 31.13 0.89 30. 47 0. 88 28. 60 0.91
HSENet 34.29 0.93 31.25 0. 88 30. 26 0. 88 28.40 0.90
SARGAN 34.93 0.94 31.32 0. 89 30.36 0. 88 28. 65 0.91
TransENet 28. 89 0.82 25.28 0.72 25.14 0. 64 23.15 0.69
AMFFN 29.21 0.84 25.75 0.71 25.50 0.69 23.08 0.73
HAUNet x4 29.23 0.84 25. 64 0.75 25.42 0.69 23.51 0.72
HSENet 28.25 0. 80 25.14 0.72 25.34 0. 68 23.58 0. 68
SARGAN 29.26 0.84 25.85 0.76 25.51 0.70 23.53 0.73
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Fig. 12 Visualization results on natural datasets
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