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Motivation . . . . .
How can gridded datasets be combined to improve IDF analysis for remote locations?

How will extreme precipitation change in the future, based on large-scale patterns in the past?
Different perspectives on Intensity-Duration-Freqgency (IDF) relations.
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Validation with Quantile Skill Index Compare spatial model to single grid point model (reference)
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Use for regions where not many observations are available:
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I BERL N We used the XCES freva Framework to manage data (Kadow et al, 2021, doi: 10.5334/jors.253).
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