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Meteorological Superscoring Algorithm Based on Residual Attention and
Dynamic Upsampling
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(College of Computer, Chengdu University of Information Engineering, Chengdu 610225, China)

Abstract: Meteorological image resolution is crucial for studying climate phenomena. Although meteorological over—sampling methods based
on deep learning have made rapid development, and the ability to learn low—resolution image features has been continuously strengthened.
However, the up—sampling of current methods is mainly based on inverse convolution, interpolation and sub—pixel convolution; all three meth-
ods cause certain artifacts, and features are lost during up—sampling resulting in poor reconstruction results. In order to better utilize the low—
resolution features in upsampling and thus improve the quality of upsampling, this paper proposes a meteorological supersampling algorithm
based on residual attention and dynamic upsampling — RANSR, including a low—resolution feature extraction module, a dynamic upsampling
module and a high—resolution feature fusion module. Among them, the low-resolution feature extraction module strengthens feature learning
based on deep residual attention network, the dynamic up—sampling module generates more accurate up—sampled features and enhances the
model generalization ability through the content—aware restructuring mechanism, and the high—resolution feature fusion module fuses the auxil-
iary inputs including elevation and climate state to enhance the final reconstruction effect. In the rainfall 4—fold, rainfall 10~fold, 2m tempera-
ture 4—fold, and 2m temperature 10-fold supersampling experiments, comparing the five meteorological supersampling methods, the MSE is
reduced by 32.0%, 21.4%, 27.3%, and 55.9%, respectively, and PSNR is improved by 4.2%, 3.3%, 4.2%, and 12.1%, respectively, com-
pared with the method with the second best performance.
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RANSR network structure
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Fig. 2 Residual attention block structure
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Fig.3 Convolutional block attention module structure
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Table 2 Results of 4—fold and 10—fold super—resolution experiments
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Table 3 Results of 4x and 10x super—resolution experiments on
monthly 2m temperatures
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