Statistical Postprocessing of Week-1 and Week-2 Precipitation Forecasts Over Talwan .
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Motivation Statistical post-processing procedure (SPP) for precipitation forecasts
The predictability of precipitation is hindered by finer-scale processes not captured explicitly in global D ' -
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numerical models, such as convective interactions, cloud microphysics, and boundary layer dynamics. ] : forecast anal corresponding to Matching (PM)
However, there is growing demand across various sectors for medium- (3—10-day) and extended-range SEERESES iR Rl 1 analog case (AP ensemble)
(10-30-day) quantitative precipitation forecasts (QPFs) and probabilistic QPFs (PQPFs). Therefore, the Analog Post-processing (AP)
goal of this study is to predict the conditional climatology of precipitation given the forecast of the large-
scale circulation conditions, which still retain predictability in the extended range. J frequency counting v
In addition, most ensemble prediction systems are characterized by under-dispersion that limits the utility |
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of probabilistic predictions. Here we use analog post-processing (AP; Hamill and Whitaker 2006; Hamill ______Precipitation rorecasts
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produce calibrated and downscaled PQPFs and bias-reduced QPFs, respectively. 08 1000 000 . 1005
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» Forecast : SubX EMC-GEFS \ | .. (precip > 95" pertentile for winter half year) |° / \ ik o 03 /

 period: Jan 1999- Dec 2016 (reforecast, 10 members) ; Aug 2017- Sep 2020 (forecast, 20 members)

* update frequency: once per week, with forecasts initialized at 00 UTC every Wednesday.
» horizontal resolution : 1" x 1" lat/lon

Evaluation of ensemble distribution Evaluation of PQPF (precipitation > 100 mm/wk)

» Observation : gridded precipitation analysis based on rain gauge data Analysis rank histogram L . .
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Distance-based Similarity Criterion D(t) » AP ensemble is much closer to observation than raw ensemble. calibrated forecast as compared to the raw forecast. .
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