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Abstract: A prediction model using LightGBM was established according to a regression analysis using ground observations of
temperature, ERA-Interim data and 0-12 h forecast data. Tests on the data set from January to April in 2018 showed that the mean
absolute error of the temperature decreased from 1.8°C to 1.1°C with the EC model, the prediction accuracy increased from 65.9%
to 86.6% and the coefficient of determination was 0.97. This model has been operationalized by the Wuhan Central Meteorological
Observatory. The forecast score from February to June in 2018 showed that the accuracy of the highest and lowest temperature
forecasts were 76.1% and 91.5%, respectively, which was significantly higher than that of the numerical weather prediction,
and the minimum temperatures were better than current forecasters. As a young machine learning frame, LightGBM has strong

prospects for application in meteorological forecasting.
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Table 1 Main parameters of LightGBM

n_estimators learning_rate num_leaves lambda_I2

boosting_type  min_child_samples colsample_bytree subsample

1000 0.05 250 0.001

ghdt 1 0.7 1.0
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Table 2 Goodness of fitting using regression

RMSE MAE  REZRE EIREFARY FURERARE
0.82 0.63 0.99 3657 3796

BB 5 R E E B HEA, KB
(BLINAZELE) KA s B2 mig g
100 hPatH X fE . #HW~FH <& 925 hPai fE .
700 hPat % & & . 200 hPatd % & & . 850 hPaif

90000
80000
70000
60000
50000
40000
30000
20000
10000

0

MSL\999

21\999 |

N700 e

N1000

N600 fumem

700 V jom

1\850 fumm

N400 fm

N500 jue

925 U f=

i [

850 U fm

10U =

E1 FHEEZEEHER
Fig. 1 The feature importances
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Fig. 2 Inspection of forecast in contrast to the observed data
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Table 3 Examples of model forecast at 5:00AM on March
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