0577-6619/2012/70(2)-0183-91 Acta Meteorologica Sinica ¥R

ETZRAKEGARHNFEFRH
BEMKMESERN

x ¥
LI Fang

o [ B 2 B KA BRI, bt 100029
Institute o f Atmospheric Physics, Chinese Academy of Sciences, Beijing 100029, China
2010-04-20 W Fig ,2011-07-20 i [nl.

Li Fang. 2012. Probabilistic seasonal prediction of summer rainfall over East China based on multi-model ensemble schemes. Acta

Meteorologica Sinica, 70(2) :183-191

Abstract The skill of probability density function (PDF) prediction of summer rainfall over East China is evaluated by skill of
optimal ensemble schemes, based on the precipitation data from five coupled atmosphere-ocean general circulation models in
ENSEMBLES. The optimal ensemble scheme in each region is the scheme with the highest skill in the four commonly-used
ones: the equally-weighted ensemble (EE), EE for calibrated model-simulations (Cali-EE), the ensemble scheme based on
multiple linear regression analysis (MLR), and the Bayesian ensemble scheme (Bayes). Results show that the optimal ensem-
ble schemes are the Bayes in the southern part of East China, the Cali-EE in the Yangtze River Valley, the Yangtze-Huaihe
River Basin and the central part of northern China, and the MLR in the eastern part of northern China. Their PDF predictions
are well calibrated. and are sharper than or have approximately equal interval-width to the climatology prediction. In all re-
gions, these optimal ensemble schemes outperform the climatology prediction, which indicate that current commonly-used
multi-model ensemble schemes have been able to produce skillful PDF prediction of summer rainfall over East China, even
though more information from other model variables is not derived.

Key words Multi-model ensemble, Uncertainty, Probability density function, Seasonal prediction, Rainfall
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Fig.1 Geographical distribution of 120 rain
gauge stations (circles) and regionalization
of East China (thick lines). The five regions
are South China (R1), the Yangtze River
valley (R2), the Yangtze-Huaihe River
basin (R3) . the eastern part of northern
China (R4), and the central part of
northern China (R5)
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Fig.2 Probability integral transform (PIT) histograms for different regions (rows) and
different ensemble schemes (columns)
The four ensemble schemes are the equally-weighted ensemble (EE), EE for calibrated model-simulations (Cali-EE),

the ensemble scheme based on multiple linear regression analysis (MLR), and the Bayesian ensemble scheme (Bayes)
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prediction (RW) for different regions and

different ensemble schemes
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Fig. 4 Predicted temporal-averaged continuous
ranked probability score (CRPS) relative to that
of climatology prediction (RCRPS) for different

regions and different ensemble schemes
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