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Abstract

In order to improve the forecast accuracy of ECMWF (European Centre for Medium-Range Weather
Forecasts) mode 2 m temperature prediction products, the 2 m temperature prediction products
in ECMWF mode from 2018 to 2021 and CLDAS (CMA Land Data Assimilation System) lattice data
were selected. The error analysis and the convolutional neural network model are used to carry
out the revised research, and the results show that: 1) the summer forecast accuracy of ECMWF
mode 2 m temperature prediction products is higher than that in winter, and the error is larger in
the case of inflectional low temperature weather; 2) After the revision of the convolutional neural
network model, the accuracy of the 2 m temperature prediction product has been improved, the
overall prediction accuracy has been improved by about 5%, and the average absolute error and
root mean square error have been reduced by 0.5°C~0.8°C; 3) Compared with the traditional revi-
sion method of using historical long-term data, the model can use less data, achieve better correc-
tion effect, and reduce statistical workload.
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Figure 1. Research area for convolutional neural
network model revision
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Figure 2. The network structure of CNN
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Figure 3. Process diagram for revision using a convolutional neural network
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Figure 4. Comparison before and after ECMWF model temperature forecast revision: (a) PC; (b) MAE; (c) RMSE
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Figure 5. Revised ECMWF model 2 m temperature forecast in June 2021 compared to pre-revision
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Figure 6. Revised ECMWF model 2 m temperature forecast in November 2021 compared to pre-revision
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