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Key Insights

- How often will heavy rainfall hit Zurich in 20507 Answering this requires localized climate predictions that global climate
models cannot provide.

- Physics-based models can generate this kind of predictions, but at a high computational cost.

- Combining data-driven approaches with physics-based simulations offers an efficient alternative.

Recommended Action

Invest in hybrid climate modelling approaches that combine physics-based simulations with data-driven methods to
produce reliable, local-scale climate predictions at lower computational cost.

Need of high-resolution data for impact analysis Physical climate downscaling with CHELSZ

ERA5 (25 km) ERA5 downscaled with CHELSA (90 m)
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Physical downscaling of daily temperature (top) and precipitation
(bottom) from 25 km (left) to 90 m (right) for Switzerland.

Global climate models lack sufficient detalils, that regional
climate models can provide at higher computational cost.

Energy droughts in Europe
RCM emulated

GCM
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Approximation of physics-based regional climate models with Co-occurrence of low wind and low solar radiation can be

machine learning for multiple climate variables in two steps. demanding for the energy system.
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