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Spatiotemporal Fusion Method for Remote Sensing Images Based on Dual Attention Mechanisms

FAN Xuejing, XUE Xiaorong and DU Yichao

School of Electronic and Information Engineering, Liaoning University of Technology,Jinzhou, Liaoning 121001, China
Abstract Due to the limitations of remote sensing imaging technology conditions, it is difficult to obtain sequences of remote
sensing images with both high temporal and high spatial resolution simultaneously. However, spatiotemporal fusion techniques
can generate remote sensing images with high temporal and high spatial resolution. In recent years.various spatiotemporal fusion
methods have emerged,showing good performance but still falling short in effectively extracting meaningful information in feature
extraction. A deep learning model based on dual attention mechanism improvement (ADCSTFEFN) is proposed to address this is-
sue, which enhances the models ability to preserve global information and reconstruct detailed scenes. In the experiments,lLand-
sat and MODIS data were used as the research subjects,and the proposed method was tested using two open— source datasets and
a local dataset.and compared with four commonly used spatiotemporal fusion methods. Experimental results show that the resi-
dual network and dual attention mechanism proposed in this paper better extract effective information from images. The use of a
deep supervision loss function mitigates the issue of vanishing gradients during backpropagation,optimizes the learning process,

and significantly improves the fusion results.

Keywords Spatiotemporal fusion, Remote sensing images,Dual attention mechanism, Landsat, MODIS
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Table 1 Data used inexperiment
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Fig.3 Comparison with advanced methods on AHB dataset
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Table 2 Evaluation indicators on Daxing dataset

SSIM PSNR RMSE

STARFM 0.687 22.200 22.946
ESTARFM 0.702 24.130 19.422
FSDAF 0.681 22.412 20. 444
DCSTFN 0. 820 13.368 13.368
ADCSTFEN 0.861 49. 530 8.737
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Table 3 Evaluation indicators on Daxing dataset

SSIM PSNR RMSE

STARFM 0. 805 27.942 10. 221
ESTARFM 0. 826 29.543 9.032
FSDAF 0.811 28.941 9. 144
DCSTFN 0.816 30. 166 8.566
ADCSTFN 0.957 53.912 5.522

# 4 Jinzhou $E 4 T M IFA 46 45

Table 4 Evaluation indicators on Jinzhou dataset

SSIM PSNR RMSE

STARFM 0.7670 32.7900 958. 200
ESTARFM 0.9472 40.1310 423.420
FSDAF 0.9717 43.2151 290. 460
DCSTFN 0.9704 42.8912 296. 951
ADCSTFN 0.9846 46.4110 198.000

MR 2— %4 DA LIGE W, 763X A R 8ol 46 Lk 1y
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