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DEVELOPMENT OF A MESOSCALE ATMOSPHERIC AND PRECIPITATION 
PREDICTION MODEL USING AFNO WITH CONSIDERATION OF 

PRECIPITABLE WATER VAPOR 

Yasuhide SOTA, Daiwei CHENG and Chiro SAKAYORI 

The Adaptive Fourier Neural Operator (AFNO) is a deep learning model with self-attention based on Fou-
rier transforms, whose effectiveness has been demonstrated in data-driven global AI weather forecasting 
models such as FourCastNet. Meanwhile, for rainfall prediction of mesoscale events such as linear precip-
itation bands, models that account for the advection of rainfall regions have proven to be effective. In this 
study, we applied AFNO to mesoscale meteorological data and constructed an integrated atmospheric–
precipitation AI forecasting model. By incorporating rainfall advection terms and atmospheric predictors 
including precipitable water vapor into AFNO input, and by employing the Fourier Amplitude and Corre-
lation Loss (FACL) as the loss function, we demonstrated the forecast accuracy for intense rainfall areas 
exceeding 30 mm/h associated with linear precipitation bands, up to 2–3 hours ahead. 
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