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Table 1 TS of cross independent sample test forecast of rainstorm from 2012 to 2015
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TS ETS TS ETS TS ETS TS ETS
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2014 0.11 0.11 0.17 0. 14 0.13 0.12 0.08 0.07
2015 0.12 0.11 0.14 0.12 0.14 0.10 0. 06 0. 06
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Table 2 TS of cross independent sample test forecast of rainstorm under different n from 2012 to 2015
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A (n=9,a=20,8=15) (n=10,a=20,3=15) (n=11,a=20,8=15)
TS ETS TS ETS TS ETS
2012 0.15 0.13 0.15 0.12 0.14 0.12
2013 0.13 0.11 0.13 0.12 0.14 0.13
2014 0.14 0.12 0.17 0. 14 0. 15 0.13
2015 0.12 0.11 0. 14 0.12 0.16 0.14
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Table 3 TS and ETS of single-station forecast of rainstorm using
different methods from Jan 2016 to Sep 2016
MRMR-RFR AV Gk BT
At (n=10,a=20,8=15) )
50 mm ¥4 %
TS ETS TS ETS
1 0.24 0.18 0. 00 0. 00 60
2 0.50 0.45 0. 00 0. 00 1
3 0.07 0.05 0. 06 0.05 11
4 0.08 0. 05 0.03 0.02 105
5 0.17 0.15 0.13 0.11 203
6 0.17 0.14 0.06 0.03 231
7 0.13 0. 10 0.01 0. 00 114
8 0.24 0.22 0.18 0. 15 206
9 0.07 0. 04 0. 00 0. 00 36
1—9 0.15 0.11 0.08 0.06 967
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Application of ECMWF Ensemble Forecast Products to

Rainstorm Forecast in Guangxi

Zhao Huasheng Huang Xiaoyan Huang Ying

(Guangxi Research Institute of Meteorological Disasters Mitigation, Nanning 530022)
Abstract

Using the maximal correlation minimum redundancy algorithm and random forest regression algo-
rithm, a rainstorm interpretation forecasting method with numerical prediction products is proposed based
on the ensemble prediction system of European Center for Medium-Range Weather Forecasts (ECMWEF).
The precipitation forecast of 51 members in ECMWF ensemble prediction system are interpolated to weath-
er stations, and then, the maximum related minimum redundancy algorithm is used to filter ensemble
members. Finally, several member interpolations that have the highest correlation with the predictand and
the least redundancy with each other are selected as input factors of the random forest regression algo-
rithm. Furthemore, in order to make modeling samples of the forecast model more pertinence, the model-
ing samples are classified using the mean rainfall value of ECMWF ensemble prediction products of 51
members. That is, when the mean precipitation using ECMWF ensemble prediction products at a certain
station is relatively large and there is a possibility of precipitation above the storm level, only historical
samples containing a large amount of precipitation are selected as modeling samples of the forecasting mod-
el. Therefore, the forecasting model reduces the influence of the sunny and wet weather samples on the
noise of the forecasting model, so that forecasting model focuses on the training of large precipitation sam-
ples. When the mean value of the predicted ECMWF ensemble precipitation at a certain weather station is
small, all samples of the weather station (including samples of sunny days and heavy precipitation) are
modeled so that the training of the forecasting model can reconcile the heavy rain samples and thus as far as
possible to avoid the rainstorm of weather station omissions reported. This method is applied to 89 stations
in Guangxi, and a 4-year cross-independent sample test forecast for 2012—2015 is carried out. The busi-
ness test forecast is carried out in 2016. In the 4-year cross-independent sample test results, rainstorm TS
and ETS scores of this method are all improved by 0. 04—0. 09 and 0. 04—0. 07, respectively, compared
with the average value after interpolation using the precipitation forecast of 51 members in ECMWF en-
semble prediction products. Results of the business trial in 2016 show that TS and ETS scores of the meth-
od for interpretation rainstorms TS and ETS scores are improved by 0. 07 and 0. 05, respectively, com-
pared with average values of pre-interpolation methods for the precipitation forecast of 51 members in EC-
MWF ensemble prediction products. It shows that the proposed rainstorm precipitation method of ECM-
WF ensemble prediction products has advantageous effects on forecasting and practical application fore-

cast.
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