Baseline data as source of uncertainty in large-scale
hydrology - a case study
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Motivation

Global hydrological models (GHMs) provide
key information for international
stakeholders and policymakers. Valuable
decision support is hampered by uncertainty
In model runs. In particular, uncertainty In
baseline data, used for

(1) bias-correction of climate scenarios,

(2) parameter adjustment, and

(3) assessment of future changes
has rarely been addressed. [1] [3]

Does uncertainty in baseline data effect
outcomes in projecting the future?
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Material & Methods

Model: WaterGAPLIte
Basin: Upper Danube
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Additive/multiplicative approach
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for scenario-like data.

Methods

A. Individual model calibration (1995-2005)

B. Comparison between simulated

winter

scenario-like discharge and calibration-
independent discharge (2006-2016)
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Conclusion & Outlook

Future estimates for drought are less
uncertain than future estimates for flood.

How does baseline uncertainty propagate
using multi-variate calibration?
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