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Fig.3 LSTM internal cell unit
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5 2015 9 5—30 ECMWF(a) .UKMO(b) NCEP(¢) .KMA(d) IMA(e) 2% h
( :°C)
Fig.5 Geographical distribution of the RMSE ( unit: °C) of 24 h surface air temperature forecasts of ( a)
ECMWF (b) UKMO (¢) NCEP (d) KMA and (e) JMA models from September 5 to 30 2015 in China
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( :°C)
Fig.6 Regional average RMSE ( unit: °C) of 24—168 h
surface air temperature forecasts of ECMWF SUP
BREM NN and LSTM in China and its adjacent

area from September 5 to 30 2015
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7 2015 9 5—30 ECMWF(a) .BREM(b) .SUP(c) .NN(d) LSTM(e)
96 h ( 1 °C)
Fig.7 Geographical distribution of the RMSE ( unit: °C) of 96 h surface air temperature forecasts of
(a) ECMWF (b) BREM (c¢) SUP (d) NN and (e) LSTM in China from September 5 to

30 2015
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Multimodel ensemble forecasts of surface air temperature over China
based on deep learning approach

ZHI Xiefei WANG Tian JI Yan

Collaborative Innovation Center on Forecast and Evaluation of Meteorological Disasters( CICHEMD) /Key Laboratory of Meteorological Disasters

Ministry of Education( KLME) /College of Atmospheric Sciences Nanjing University of Information Science and Technology Nanjing 210044 China

Based on the 1—7 days ensemble forecasts of the European Centre for Medium-Range Weather Forecasts
(ECMWF) US National Centers for Environmental Prediction ( NCEP) and the Japan Meteorological Agency
(JMA) the UK Met Office (UKMO) as well as the Korea Meteorological Administration ( KMA) in the
TIGGE datasets the multimodel ensemble forecasts of the surface air temperature in China and its adjacent area
during the period from 1 January to 30 September 2015 were conducted by using long-term memory ( LSTM)
neural networks neural networks ( NN) bias+emoved ensemble mean ( BREM) and the superensemble ( SUP)
with sliding training period for the forecast period from September 5 to 30 2015.The results showed that the
BREM forecast was no better than the ECMWF forecast due to the impact of low skill model forecasts among the
five models.The forecast skill of SUP was better than that of all the single models.For 24—144h forecasts the root
mean square error ( RMSE) of SUP was significantly smaller than that of ECMWF forecast.As the forecast lead—
time increased the RMSE increased as well.The forecast skill of NN was roughly equivalent to that of SUP.Over—
all the LSTM approach showed the best forecast performance especially when the forecast lead-time was longer
than 72 h the RMSE of the LSTM forecast was considerably smaller than that of ECMWF BREM NN and SUP
forecasts.The LSTM neural networks approach significantly reduced the forecast RMSE of the surface air temper—
ature in the northwestern northern northeastern southwestern and southern China. However the RMSE of the

LSTM forecast was relatively larger in southern Xinjiang area compared with ECMWF forecast.
deep learning; artificial intelligence; multimodel ensemble; LSTM; surface air temperature
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