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(Lightweight Hybrid Transformer-Based Super—Resolution Model for
Solar Irradiance Downscaling in Agrometeorological Data)
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Abstract

High-resolution meteorological data are essential for precise decision-making in agriculture, improving crop yield
prediction, and enhancing resilience to weather-related disasters. Among meteorological variables, solar radiation is a key
factor determining photovoltaic power generation efficiency and crop growth conditions, thus requiring HR data for
accurate prediction. This study proposes an efficient SR model based on the SwinIR framework, in which multiple
Residual Swin Transformer Blocks are reduced and integrated with a Hybrid Block of CNN and Transformer and a Detail
Branch. The proposed model maintains strong global context learning ability while reducing computational cost and
accurately restoring local variations in radiative patterns. Experimental results using CM SAF’'s SARAH-3 surface solar
radiation data show improvements over SwinIR by 0.0435 dB in PSNR, 0.0002 in SSIM, and reductions of 0.0195 W/m?
in RMSE and 0.0369 W/m? in MAE. Moreover, the model achieved finer restoration along cloud boundaries and rapid
irradiance transitions, while reducing computation by approximately 34%, demonstrating its efficiency and effectiveness
for high—fidelity solar radiation reconstruction.
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I 1. Dataset Summary

Item Description

Data Source SARAH-3(EUMETSAT CM SAF)

Spatial Resolution 5km>5km

Daily intervals
2023.04.01.~2024.04.01.

Temporal Resolution

Target Area Meteosat full disk

Variables Surface Incoming Shortwave radiation(SIS)

Total Patches Train: 28,715, Val: 8,147, Test: 4,225
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(b) Residual Swin Transformer Block (RSTB)

(c) Detail Branch

1l 1. Overall architecture of the proposed super-resolution network and its sub-modules.
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I 2. Experimental Environment Settings

Component Details
CPU Intel(R) Core(TM) Ultra 7 265KF
GPU NVIDIA GeForce RTX 3090, 24GB
RAM Essencore DDR5—6400 16GB x 2

Operating System

Ubuntu 22.04.2 LTS

CUDA version

11.8.89

cuDNN version

8.7.0

Programming Language

python 3.8.20

Deep Learning Library

PyTorch 2.0.0 + cull8

Transformer 7|9k & AS oj&A st} B33t

&3 e Bl ¢
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e mdo] £ AR 48 498 nad,

E 3. Quantitative results
Efficiency Quality
Model #Params.(M) | FLOPs(G) | PSNR 1 SSIM 1 RMSE | MAE |
SwinlR 12.52 20.02 38.0212 0.9107 5.7205 3.9387
EDSR 2.14 3.45 38.0012 0.9101 5.7402 3.9249
RCAN 13.27 21.18 38.0192 0.9104 5.7242 3.9207
Ours 8.4 13.32 38.0647 0.9109 5.7010 3.9018
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2l 4. Comparative Visualization of Solar Radiation Super-Resolution Results
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¥ 4. Aplation Study on HBCT and Detail Branch

Variant PSNRT | SSIMT | RMSE| | MAE|
w/o HBCT 38.0541 | 0.9108 | 5.7090 | 3.9077
w/o Detail Branch 38.0625 | 0.9109 | 5.7023 | 3.9029
Ours 38.0647 | 0.9109 | 57010 | 3.9018
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