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Origin of errors in hydrological simulations
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Origin of errors in hydrological simulations nvor roGy
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Research gap nvor' Loy
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* Traditional efficiency measures (e.g. Kling-Gupta Efficiency)

— diagnostic meaning of a number between -ee and 1?

e Diagnosticsignatures (e.g. high flow bias)

— comprehensive visualization?
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* Defintion of a diagnostic efficiency measure based on flow

duration curve and correlation which hints to the origin of

errors

* Visualising contributions of different model errors

* Provide an easily extendable evaluation tool e pgthon

O diag-eff on GitHub: https://github.com/schwemro/diag-eff

Documentation (including tutorials): https://diag-eff.readthedocs.io/en/latest/



Diagnostic Efficiency (DE) nvor(roGy

UNI

FREIBURG

DE =1 — \/ constant error + dynamic error + timing error
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gauge_id: 13331500; gauge_name: Minam 160 River near Minam, OR, US.

17.54 Mimicking errors by systematic
15.0 manipulation of an observed
. streamflow time series:
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observed relative bias - 4

Calculation of the dynamic error term
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Diagnostic polar plot nvor ro6y
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% Proof of concept nvor! \roGy
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Comparison to KGE nvor’ oGy

ratio between bias error and flow variability error
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Real case example (Newman et al. (2015)) nvor(\roGy
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* theoretical proof of concept and real world
applicability

e diagnostic polar plots provide hints on the origin of
errors

* blueprint for systematic development of other
diagnostic efficiency measures

O diag-eff on GitHub: https://github.com/schwemro/diag-eff
Documentation (including tutorials): https://diag-eff.readthedocs.io/en/latest/ robin.schwemmle@hydrology.uni-freiburg.de
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