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Table 2 Test results on Macao science popularization satellite data
FEiA ¥ PSNR/AB SSIM i ] /s i HF  PSNR/B SSIM i [l /s
1.5 40.42 0.9729 1.5 42.70 0.9768
2.0 40.50 0.9814 2.0 42.76 0.9901
2.5 38.75 0.9720 2.5 41.06 0.9854
Meta—RDN+AID 30 . 0.9606 0.27 Meta—RDCAN+AID 30 39.63 0.9795 0.35
3.5 35.92 0.9468 3.5 38.14 0.9707
4.0 34.63 0.9307 4.0 36.68 0.9588
1.5 42.47 0.9754 1.5 42.38 0.9761
2.0 42.44 0.9892 2.0 42.39 0.9896
Meta—RDN+UCMerced > 4076 09540 027 | MetamRDCAN+UCMerced > 1073 0-9846 0.35
3.0 39.25 0.9774 3.0 39.20 0.9780
3.5 37.76 0.9680 3.5 37.68 0.9685
4.0 36.29 0.9555 4.0 36.19 0.9559
1.5 39.10 0.9627 1.5 38.65 0.9562
2.0 39.78 0.9803 2.0 39.75 0.9801
Meta-RDN+WIDS 22 3790 09701 0.28 Meta-RDCAN+WIDS 2 2798 070
3.0 36.85 0.9596 3.0 36.98 0.9619
3.5 35.47 0.9452 3.5 35.63 0.9489
4.0 34.35 0.9298 4.0 34.51 0.9348
T SRR R [ X LS O g A D (LA M L
R3 7TEUCMerced EHIEI TR E R
Table 3 Partial test results on UCMerced dataset
R ¥ PSNR/AB  SSIM i fil/s I T PSNR/B SSIM fiffil/s
2.0 32.58 0.8909 2.0 34.78 0.9337
Meta—RDN+AID 3.0 29.23 0.7895 0.14 Meta-RDCAN+AID 3.0 30.55 0.8386 0.17
4.0 27.44 0.7139 4.0 28.46 0.7638
2.0 34.58 0.9310 2.0 34.57 0.9311
Meta—RDN+UCMerced 3.0 30.48 0.8390 0.18 Meta—RDCAN+UCMerced 3.0 30.52 0.8433 0.17
4.0 28.37 0.7606 4.0 28.36 0.7619
2.0 31.33 0.8687 2.0 31.53 0.8749
Meta—RDN+WIDS 3.0 28.50 0.7651 0.12 Meta-RDCAN+WIDS 3.0 28.69 0.7744 0.19
4.0 26.93 0.6905 4.0 27.09 0.6991
T SRR R [ X LIS O 1 A (LA e L
F4 TESets ERERSMINGER
Table 4 Partial test results on Set5 dataset
A ¥ PSNR/B SSIM I [l /s B T PSNR/B SSIM I ¥ /s
2.0 35.13 0.9298 2.0 37.53 0.9590
Meta—RDN+AID 3.0 32.01 0.8852 0.12 Meta—RDCAN+AID 3.0 33.77 0.9226 0.17
4.0 29.93 0.8399 4.0 31.44 0.8847
2.0 37.21 0.9750 2.0 37.39 0.9583
Meta—RDN+UCMerced 3.0 33.47 0.9180 0.12 Meta—RDCAN+UCMerced 3.0 33.58 0.9209 0.14
4.0 31.15 0.8774 4.0 31.24 0.8805
2.0 33.77 0.9234 2.0 34.08 0.9235
Meta—RDN+WIDS 3.0 31.12 0.8767 0.13 Meta—RDCAN+WIDS 3.0 31.39 0.8792 0.15
4.0 29.36 0.8318 4.0 29.58 0.9357

TE « BRAASRI A 1) X LU 5 55 Y 0 {5 MR L
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Fig. 6 Meta—RDCAN reconstruction results on Macao data under 2.0, 2.5 and 4.5 scale factors
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Fig. 7 Meta—RDCAN and Meta—RDN reconstruction results on UCMerced data under 3.5 scale factor
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Fig. 8 Meta—RDCAN and Meta—RDN reconstruction results on Set5 data under three different scale factors
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Table 5 Results of calculated NIQE on Macao satellite data

T K7 NIQE |
1.5 5.227
Meta—RDN+AID
2.0 4.830
1.5 4.382
Meta—RDN+UCMerced
2.0 5.071
1.5 4.917
Meta—RDN+WIDS
2.0 4.905
1.5 4.619
Meta—RDCAN+AID
2.0 4.843
1.5 4.229
Meta—RDCAN+UCMerced
2.0 4.715
1.5 4,958
Meta—RDCAN+WIDS
2.0 4.805
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Arbitrary-scale super—resolution reconstruction of remote sensing images
based on meta—learning and residual dense attention mechanism

WEI Xiaoyuan', MENG Gang’,ZHANG Haopeng', JIANG Zhiguo'

1. School of Astronautics, Beihang University, Beijing 102206, China;
2. Beijing Institute of Remote Sensing Information, Beijing 100192, China

Abstract: Super-resolution reconstruction technology plays an important role in the intelligent processing of satellite remote sensing
images. Existing deep learning methods for super-resolution remote sensing image reconstruction can only handle super-resolution tasks
with a single scale factor, lacking generalization at the multiscale level and failing to meet the requirements of real super-resolution remote
sensing image reconstruction for continuous zooming at multiple magnification levels.

To address the problem of arbitrary-scale super-resolution reconstruction and enhance the quality of reconstructed real remote sensing
images, this paper proposes a super-resolution reconstruction method called the Meta-RDCAN, which utilizes meta-learning and residual
dense channel attention network.The proposed method employs a meta-upscale module that incorporates three functions: weight prediction,
location projection, and feature mapping. The module adaptively adjusts the internal parameters of a model according to different scale
factors for arbitrary-scale super-resolution reconstruction. From the perspective of extracting detailed information of local land objects in a
remote sensing image, a dense residual network with an attention mechanism is used as a feature extractor, enabling the reconstructed results
to possess clear and distinguishable details. Extensive experiments are conducted on various datasets, including DIV2K, AID, UCMerced,
WIDS, Set5, and real remote sensing image from Macao Science Popularization Satellite. The influence of variations in spatial resolution on
the super-resolution reconstruction results is analyzed, and the effectiveness of the training scheme, which involves pretraining on a general
dataset followed by fine-tuning on a remote sensing dataset, is validated using the loss curve.

The test results with different scale factors demonstrate that the proposed model is suitable for arbitrary-scale super-resolution
reconstruction tasks in remote sensing images, having scale factors of up to 4.0. Comparative experimental results show that the improved
model with added channel attention achieves enhanced performance in terms of Peak Signal-to-Noise Ratio (PSNR) and Structural SIMilarity
(SSIM), compared with the baseline model. On real remote sensing data, the reconstruction results of the proposed model achieve a PSNR of
over 40 dB and an SSIM of over 0.95. The comparison based on the no-reference quality indicator NIQE confirms that the perceived quality
of the super-resolution reconstruction results of the improved model surpasses that of the baseline model.

The proposed method for arbitrary-scale super-resolution reconstruction is effective for remote sensing images by utilizing meta-
learning and dense residual channel attention. The main contributions of this paper include two aspects. First, for the arbitrary-scale super-
resolution reconstruction of remote sensing image, the meta-learning approach is employed to adaptively adjust the internal parameters of a
model. This approach enables continuous integer- and non-integer-scale super-resolution reconstruction of a single remote sensing image
with a single model. Second, to address issues, such as missing details and unclear edges of geographic features, in reconstruction results, a
channel-attention mechanism is applied to enhance the dense residual network and improve the quality of super-resolution reconstruction
results.

Key words: super-resolution reconstruction, remote sensing image, arbitrary-scale, meta-learning, residual dense network, channel attention
mechanism
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