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From Physical Model to Intelligent Analysis: A New Exploration to

Reduce the Uncertainty of Weather Forecast
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Abstract: In this paper, the development of weather forecast technology is reviewed. Owing to people’s

creativity and wisdom, the atmospheric evolution processes can be solved by modern mathematical and

physical methods of model equations instead of merely judgement based on experience in the past.

However, the complicated weather and climate systems still pose challenges to nonlinear uncertainty

problems. The artificial intelligence (AI) technologies may contribute to address the challenges. This

paper introduces some initial assumptions and development of Al in observation and identification, data

processing, short-term and nowcast forecasting, model parameterization and integrated analysis of forecast

products and so on, indicating the way forward of further research and development and their contribution.
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Fig. 1 The first numerical weather forecast chart in history achieved

by Charney et al (1950) based on numerical prediction
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Fig. 2 Aperiodicity gradually increased
over time from numerical experiment in

Lorenz convection equations (Lorenz,1963)
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Fig. 3 Evolution of the 500 hPa geopotential height forecast by ECMWF
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Fig. 4 Theoretical framework for
Earth system simulation
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Fig. 5 Diagram of spatio-temporal deep
learning network model for simulating
the movement of atmosphere (Shi et al,2015)
(a) for convolutional RNN (The recurrent
connections are fixed over time); (b) for
trajectory RNN (The recurrent connections

are dynamically determined)
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Fig. 6 Prediction experiment of the site-based deterministic model integrated

machine learning (CMA Public Meteorological Service Centre,2017)
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