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Development of an integrated statistical-dynamical forecast model to monthly
and seasonal Temperature Prediction in Taiwan

Yi-Chen Chen?, Chih-Yung Feng!, Enya Ren-Feng Liu?, Meng-Shih Chen?
Manysplendid Infotech Ltd., Taipei, Taiwan?
Central Weather Bureau, Taipei, Taiwan?

Abstract

Dynamical climate models suffer from systematic biases and low resolution, which prevents deriving Taiwan
station-wise seasonal and monthly probabilistic forecasts from ensemble members. Hence, statistical postprocessing
methods can improve the skill and reliability of multi-model ensemble forecasting systems. This study proposes a
procedure for deriving seasonal temperature forecasts from CWB2T2, CWB1T1 and NCEP CFSv2 reforecasts. First,
quantile mapping (QM) is used for removing ensemble mean bias in the raw forecast. Then, calibration and bridging
models were used to obtain station-wise downscaling forecasts. Calibration models are established using the
ensemble mean temperature of the nearest four model grid points surrounding a station as predictors. Bridging
models are built using model reforecasts of relevant large-scale oceanic-atmospheric indices as predictors. Finally,
all these downscaling forecasts are merged through Bayesian model averaging (BMA) under a conditional normal
distribution assumption. Forecast skill and reliability are evaluated through a leave-one-year-out cross-validation for
1-month to 3-month lead forecasts. Results show that the station-wise BMA consensus temperature probabilistic
forecasts are skillful not only for summer and winter but also for monthly ones. The proposed procedure has been
implemented to regularly produce experimental forecast guidance for 2019.

Key word: Bayesian Model Average, Quantile Mapping



