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Backgroud of this study

« How different are different models ? »
« | sometimes trust more my model than the observations »
« If my model can’t make it, allmost no model can make it »

Question 1: How statistically comparable (based on-a

detailed evaluation procedure) are the simulation

performances of two models?

Question 2: Is the simulation performance of the models

essentially identical when provided with the same

observational information?

Question 3: Are differences 'in model performance

dependent on watershed characteristics or on

hydrometeorological processes?

Cantents lists avatlable at SciznceDin

Journal of Hydrology

journal homepage: www.elsevier. com/lacate/jhydrol
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ABSTRACT

1. Introguction

Ramnsall-Runoéf (RR) models are widely used for a broad range of
research and operational objectives, from hypothasts testing to (m-
proving process understanding to streamflow prediction for flood de-
sign. whatever the application, hydrologists and modelers share a
particular interest in: 1) the effictency, robustness and realism of model
sructurss (and their consequent simulations); 1) the generality
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Why large sample hydrology ?

Improving understanding:
more rigorous testing and comparison of competing model
hypotheses and structures on-.common grounds;

Improving the robustness of generalizations:
allowing statistical analyses of model performances and avoid
giving too much weight to outliers;

Facilitating classification, regionalization and model

transfer:
gathering a wide diversity of hydrometeorological contexts,
enabling testing classification and regionalisation strategies;

Supporting the estimation of uncertainties:
establishing the predictive capabilities and performance of
hydrological models on a variety of hydrometeorological contexts.
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| @— Are the performances of RR structure dependant of

Why large sample hydrology ?

"\

Improving understanding:

— What are the respective performances.of different RR
model structures ?

watershed caracteristics, climatological or hydrological
processes ?

Improving the robustness of generalizations:

— How to properly compare two (n) RR model structures
?

— How can | state than two (n) RR structures are different
?

~3 Large Sample Basin
Experiments for
Hydrological Model

Parameterization:
Results of the Model Parameter
Experiment — MOPEX
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Why large sample hydrology ?

- Allowing statistical comparison of RR model structures
— Infer the properties of a population from a sample of observations

[ ® Population

/ N ® Sample

<<>> <C><O>¢ @ Observation




Why large sample hydrology ?

- Allowing statistical comparison of RR model structures
— Infer the properties of a population from a sample of observations

®RR Model A performance

Distribution of perf. on a
sample of n waterhseds

® Performance on Watershed i




Why large sample hydrology ?

- Allowing statistical comparison of RR model structures
— Infer the properties of a population from a sample of observations

®  RR Model A perf. 1
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RR Model B perf. 1




Why large sample hydrology ?

- Allowing statistical comparison of RR model structures
— Infer the properties of a population from a sample of observations

® RR Model A perf. 1
@

RR Model A perf. 2




Insights from previous studies (1/2)

Perrin et al. 2001 :

— 20 RR model structures, +400 watersheds, daily time-step, NSE ;

— Complex models suffers from:a lack of robustness‘and 4-6 free parameters seems sufficient
to give the « best » results ;

Mathevet et al., 2006 :
— 4 RR model structures, +300 watersheds, hourly time-step, NSE + modification ;
— NSE do not allow robust statistical comparisons ;
— Framework to state if two RR structures performances are significantly different or not;

Coron et al. 2011 :

— 3 RR model structures, +200 watersheds, daily time-step, 2 performance metrics ;

— RR model are extremely dependent to climatic conditions during calibration and have a
strong lack of robustness when evaluated on contrasted climatic periods ;
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Insights from previous studies (2/2)

Fenizia et al. 2011, Kavetski et al. 2011 :

— SUPERFLEX : flexible modeling framework, with a collection of conceptual structures and
constitutive functions ;

— Hypothese of a better representation of underlying'« true » hydrological processes ;

van Esse et al. 2013 (including Perrin & Fenizia) :
— 30 RR model structures, +200 watersheds, hourly time-step, 4 performance metrics ;

— Allmost no difference between a flexible modeling (SUPERFLEX) and a fixed modeling
(GR4H) framework ;

Gupta et al. 2009, Gupta & Kling 2011:
— Nash-Sutcliffe Efficiency is not an accurate objective function for RR model calibration ;
—~-. Bias on the water balance andthe variability of streamflows ;
—_Introduction of the Kling-Gupta Efficiency (KGE) ;

To be updated
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Experimental design (1/4)

* /A (very) large sample of watersheds :

— Collect samples allready used in litterature (Chiew et al., 2000; Duan et al.,
2006; Le Moine et al., 2008 ; Vaze et al. 2010; Coron et al., 2011/ ; Valery et al., 2009 &
2010; Nicolle et-al. 2014 ; Top-Down modeling'working group);

— French national projects (PEMHYCE : Nicolle et al. 2014; R2D2 : Kuentz, 2013) ;
— « My » sample at EDF ;

e 2050 watersheds worldwide (+ ~200 not used):
— France, USA, Australia (80%);
— Switzerland, Sweden, UK, Laos, Italy (20%) ;

* Since this study :

— Many open-source & unified hydrometeorological samples ;

— Camels initiatives largy supported by N. Addor & colleagues (USA, UK, NZ,
Chile, Brasil, Australia, etc.) ;
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-50

Experimental design (1/4)
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Experimental design (2/4)

2 Rainfall-Runoff model structures :
— Used in many different comparative studies since 2004 ;

— Statistically the most efficient among 20 different RR on
hundreds of watersheds;

GRX (IRSTEA/Cemagref, Paris) MRX (EDF/ Grenoble)
*Empirical development on 100 to 1000 | *Conceptual develoment on <10
of watersheds worldwide watersheds in the Alps
* 2 buckets * 4 buckets
5 free parameters * 11 free parameter
* Undergroud exchanges function * No Undergroud exchanges function
* PET based on Tair and extra-terrestrial | * « optimised » PET
radiation

* Snow : 2 buckets & 4 free param. *Snow : 2 buckets & 1




Experimental design (3/4)

e “Evaluation metrics :
— NSE : Nash-Sutcliffe efficiency (Nash & Sutcliffe,, 1970)

MSE 4 iZin:l(Qi _(ji)2

“0 iZin:l(Qi _6)2
— KGE : Kling-Gupta efficiency (Gupta et al., 2009)

NSE, =1~

KGE, =1-y/(8-1) +(a -1+ (r -1)
L. zg e

And also (Kling et al., 2012): ;- %@ Q_g&




Experimental design (4/4) :

» Classical Split-sample test (Klemes, 1986) : 2 periods of
calibration and 2 periods of validation

4 N N\

Calibration (P1) Evaluation (P2)

\ = N\

4 N N\

Calibration (P2) Evaluation(P1)

\ < N /




Question 1: How statistically comparable (based on a detailed evaluation
procedure) are the simulation performances of two models? &
Question 2: Is the simulation performance of the models essentially

|dent|cal when .prowded Wlth the same observgtlonal information?
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Results : Boxplots

Calibration on KGE(Q)
Calibration & Evaluation
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Results : Boxplots

Calibration on KGE(Q)
Calibration & Evaluation
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Values [-]

Results : Boxplots

Calibration on KGE(Q)
Calibration & Evaluation
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Results : Boxplots

Calibration on KGE(Q)
Calibration & Evaluation
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Results : Boxplots

Very similar results
A
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. Scatterplots

Results
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Mean bias - MRX
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Results : Scatterplots
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Results : Scatterplots
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Parameter set in Evaluation

Results : Scatterplots

Calibration on KGE(Q) Calibration on KGE(Q)
GRX - Comparison of Mean bias in calibration & evaluation MRX - Comparison of Mean bias in calibration & evaluation

Parameter set in Evaluation
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Period P1

Calibration on KGE(Q)
Mean bias in evaluation for GRX

Results : Scatterplots
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Parameter set in Evaluation

Results

Calibration on KGE(Q)
GRX - Comparison of r in calibration & evaluation
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Periods in Evaluation

Results : Scatterplots
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Results : Synthesis

Both models suffer from a strong lack of robustness in the simulation of wateh
balance and streamflow variability. The water balance bias varies on the range £10%
for 50% of the watersheds, on-the range £20% for 80% of the watersheds. However,
both models ‘are particularly robust concerning the representation of the dynamic
functioning of the watershed. /

@\/ @\

The performance of both models is highly correlated (r ranging from 0.75 to 0.92),\
despite the strong difference of structure and complexity. This means that model
performance correlation (between simulations provided by the two models) is at the
same level as the correlation between each of the model simulations and the
observations, suggesting that there is no significant difference in overall abilities of
the two models across the range of watersheds used for testing. )

f@\/

N
Hence, it seems that differences in hydroclimatic conditions between calibration to
evaluation periods play a more important role on the differences in performance
from calibration to evaluation than differences in model structures do.
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Question 3: Are differences in-model performance dependent on watershed

characteristics or on hydrometeorological processes?
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Question 3: Are differences in-model performance dependent on watershed

characteristics or on hydrometeorological processes?
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