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Abstract: High-resolution short-range precipitation forecasting is critical for regional disaster
prevention and mitigation over the Guangdong-Hong Kong-Macao Greater Bay Area (GBA). This
study developed a probabilistic downscaling model for short-range precipitation using a Convolutional
Neural Network (CNN) , which takes large-scale meteorological forecast information from GFS
(global forecast system) as input and outputs the parameters of the probabilistic distribution for 3 h
precipitation at multiple stations. The model skill was evaluated through a set of carefully designed
experiments. The results show that: 1) All experiments effectively reduce forecasting errors compared
with the raw GFS outputs. Among them, the CNN-PR experiment, which incorporates enhanced

spatial feature extraction, achieves the best deterministic performance (RMSE=3.31 mm). In contrast,
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the SINGLE experiment, which relies solely on local information, and the CNNO experiment, which
omits spatial feature extraction, show inferior performance. 2) In terms of probabilistic skill, all
models are well calibrated overall, with the CONTROL experiment achieving the optimal skill (CRPS=
0.69 mm). All experiments except SINGLE and CNNO show improved discrimination ability for
precipitation occurrence, and the TREND experiment incorporating temporal evolution information is
optimal for discriminating heavy rainfall events. The CNN-PR experiment is superior in conditional
calibration, albeit at the cost of reduced sharpness. 3) The study also reveals that all experiments
systematically underestimate heavy rainfall events. Furthermore, the probabilistic forecasting skill is
constrained by two key trade-offs: one between calibration and sharpness, and the other between
overall and conditional calibration. This study provides a methodological reference for operational high-
resolution short-range probabilistic precipitation forecasting in the GBA.

Key words: convolutional neural networks (CNN) ; statistical downscaling; Guangdong-Hong Kong-

Macao Greater Bay Area; short-range precipitation
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Fig. 1 GFS model domain, topographic elevation and used meteorological stations as well as precipitation statistics
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Fig. 6 Probability integral transform analysis and comparison of ROC curves and reliability diagrams for precipitation events
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