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• A need for improving hydrological models
• Reducing model structure uncertainty to improve

process understanding, hydrological forecasting …

• Model diagnostics to identify where to improve models
• Using relevant signatures to link model performance 

with hydrological processes

• On large data samples for more general analyses

• At the event-scale to assess flood simulation 
performance 

• Streamflow can have strong seasonal variations
• This results in variable flood generating processes

between catchments and events

Context

Introduction Data Methods Results Discussion Conclusion
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• Assess whether the seasonal variations of streamflow
can be a good indicator of model performance in 
simulating floods

• Identify event-scale conditions for which a conceptual
hydrological model yields lower performance

Objectives

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion
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• 229 French catchments with varying
hydro-climatic conditions1

• 18 years of hourly time series

• COMEPHORE reanalysis2

• Hourly precipitation time series

• Hourly streamflow time series3,4

• 11,054 flood events selected with
an automated procedure
• Events with peak flow higher than

the 95th streamflow quantile

A large sample of catchments and flood events

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion

1Ficchì et al. (2016); 2Tabary et al. (2012); 3Leleu et al. (2014); 4Delaigue et al. (2020) 
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• GR5H-I lumped hourly rainfall-
runoff model5,6

• Five parameters calibrated on two
independant sub-periods
(P1 and P2) of 9 years
• Local gradient-based optimization 

procedure preceded by a gross 
screening of the parameter 
space7

• KGE index objective function8

Rainfall-runoff model and parameter estimation 

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion

5Le Moine (2008); 6Ficchì et al. (2019); 7Perrin et al. (2008); 8Gupta et al. (2009) 
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A progressive increase in model evaluation focus

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion

Overall model performance 
in simulating the whole
streamflow time series

Seasonality of model bias in 
simulating floods

Event bias vs. several event
characteristics

• KGE index for calibration and validation 
sub-periods

• Bias for each flood (cross-validation values):

𝛽 =
σ 𝑄𝑠𝑖𝑚
σ 𝑄𝑜𝑏𝑠

− 1

• Bounded between -1 and 1:   𝛽 𝑏 =
𝛽

𝛽 + 2

• Seasonality = month of flood peak

• Rainfall event maximum hourly precipitation
• Smith index of rainfall spatial variability9

• Antecedent catchment wetness condition: SWI 
index calculated by the ISBA surface model10

9Smith et al. (2004); 10Coustau et al. (2015) 
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Overall model performance

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion

Good overall performance for most
catchments of the dataset
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Seasonality of model bias in simulating floods

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion

The model underestimates most of the summer floods while
it is unbiased in other seasons
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Event bias vs. event characteristics

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion

Underestimation for: high intensity rainfall events — highly spatially variable 
rainfall fields — dry antecedent wetness conditions
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• High-intensity precipitation events can be subject to 
large data uncertainties

• The choice of objective function and the 
parametrization method could lead to inconsistent 
streamflow simulation

• The parsimonious structure of the model could limit its 
ability to account for specific processes occurring in 
summer

• The model does not explicitly take rainfall spatial 
variability into account 

What are the first-order factors leading to the 
model’s deficiencies ?

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion
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• Seasonal variations of floods appear to be a good proxy 
for several event-scale characteristics

• The GR5H-I yields lower performance for summer 
events characterized by:
• High-intensity precipitation events

• Highly spatially variable precipitation fields

• Low catchment antecedent wetness conditions

• Improvements of the GR5H-I structure could be to 
explicitly account for these processes mainly occurring 
in summer

Concluding remarks

Introduction Data Methods Results Discussion ConclusionIntroduction Data Methods Results Discussion Conclusion

For more information, please refer to Astagneau et al., 2021: When does a parsimonious 
model fail to simulate floods? Learning from the seasonality of model bias, Hydrological 
Sciences Journal, in press.
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