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Application of a Diffusion-Based Deep Learning Model for
Downscaling Precipitation Forecasts in Taiwan

v 2L 81 A1EE

Bid joit
B I3 i
Ya-Heng Ma Chia-Jeng Chen
#% 2
AR OALF A 2R F FEIFBRE RES > B P Google DeepMind B %
e11 GraphCast #-%] » & ¥ ‘2 g 3F ﬁ‘ BREE AT RS o Re > HrFEITA Y

025°(~25 km) » 508 254580 BN E A MR d B FEMA D Lo AT

A ‘E‘}\ R R % f#(Superwsed Deep Learning) » & * # & ;% # 5 Hc3) (Diffusion-
based Generative Model) ¥+ & # ¥ % & {7 0.25°3 0.0125°(~1.25km)2_ "% & 7 B % ® R A
T8 oo PEACHCA| HE B iE 2 gi.,?] rE Y e i i 2 WM R0 A2 B RIS S
HMfEir R F E B R p £ RR 73 FF X § 2% (National Oceanic and Atmospheric
Administration, NOAA)#& &2 > 3% 3f 48 % 2L(Global Forecast System GFS)i* 7 4~ ﬁéiz"%ﬁ%l
» 5 o7 & 2. GraphCast 12 -] FF ~ 0.25° % 4 "% & 72 4% ; F ﬂ-@] P % B P 0.0125°%7%47 &

£ R PIE T EE A 53 F R (Quantitative Precipitation Estimation and Segregation

Usmg Multiple Sensors, QPESUMS) o #-3]3" R 4B~ p 2022 1 2023 & » 2024 & F 4L
P 2 Rl 5 113573 932 % (Root Mean Square Error, RMSE) ~ 4p B % #ic(Correlation
Coefficient, CC) % 45 #& » & i #i-3]*+ 2024 # 35 p| 5% % &2 QPESUMS T2 £ 8 » 3%
Ha%anRAazBrdgd tollmd o ARTELHBRE BT AT R
Br o FE{ EpEEr R AR LE

Matee t AR S FRAREY C ZFE SR 2 2 Al

Abstract

In recent years, Al-based weather models have demonstrated significant potential in global
weather forecasting. Among them, GraphCast, developed by Google DeepMind, offers
advantages in medium- to short-range forecasting and low computational cost. However, its
spatial resolution of only 0.25° (~25 km) remains insufficient for accurately capturing the
complex terrain and frequent localized heavy rainfall in Taiwan.This study employs a
supervised deep learning framework and applies a diffusion-based generative model to perform
spatial downscaling of rainfall forecasts from 0.25° to 0.0125° (~1.25 km) over Taiwan. The
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diffusion model learns the correspondence between low- and high-resolution data through
conditional inputs to generate high-resolution forecasts. The low-resolution conditional input
is derived from the 12-hour accumulated rainfall forecast at 0.25° resolution produced by
GraphCast, which uses initial fields from the Global Forecast System (GFS) provided by the
National Oceanic and Atmospheric Administration (NOAA). The target output is the
Quantitative Precipitation Estimation and Segregation Using Multiple Sensors (QPESUMYS)
data at 0.0125° resolution for the same period.The model is trained using data from 2022 to
2023, with 2024 data reserved for testing. Metrics such as Root Mean Square Error (RMSE)
and Correlation Coefficient (CC) are used to quantify the difference between the model's
predictions for 2024 and the QPESUMS data, thereby assessing the accuracy of the model in
reconstructing rainfall intensity and spatial distribution.Future work may integrate additional
variables and extend the downscaling framework to disaster prevention applications, providing
more timely and high-resolution decision-making support.
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Spatial Downscaling of Rainfall in Taiwan
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