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v" CNN > FourCastNet (NVIDIAZF): AFNO

v LSTM > Pangu-Weather (££9): Swin Transformer
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FengWu: https://fengwu.intern-ai.org.cn/
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Timeline of DL-based models for global weather/climate forecasting
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Observational data from
Earth surface systems

¢ Hydrological subsystem
e Geological subsystem

e Atmospheric subsystem
e Biological subsystem

e Social subsystem

Earth system modelling
e Conceptualization

e Parameterization

e Calibration

e Validation

e Uncertainty analysis

e Simulation

Deep learning
e CNNs
e RNNs
e LSTM
e GNNs
e GANs
e Transformers

/

AkK: ATEESYIERRENRERMS?

Environmental grand challenges

e Climate change

e Biodiversity loss

e Pollution impacts on human
health and the environment

Chen et al. (2023)
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