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Abstract. We present here a strategy to obtain a realistic hydrological simulation over France with the ORCHIDEE land surface
model. The model is forced by the Safran atmospheric reanalysis at 8-km resolution and hourly time steps from 1959 to 2020,
and by a high-resolution DEM (around 1.3 km in France). Each Safran grid cell is decomposed into a graph of hydrological
transfer units (HTUs) based on the higher resolution DEM to better describe lateral water movements. In particular, it is possi-
ble to accurately locate 3507 stations among the 4081 stations collected from the national hydrometric network HydroPortail
(filtered to drain an upstream area larger than 64 km?). A simple trial-and-error calibration is conducted by modifying selected
parameters of ORCHIDEE to reduce the biases of the simulated water budget compared to the evapotranspiration products (the
GLEAM and FLUXCOM datasets) and the HydroPortail observations of river discharge. The simulation that is eventually pre-
ferred is extensively assessed with classic goodness-of-fit indicators complemented by trend analysis at 1785 stations (filtered
to have records for at least 8 entire years) across France. For example, the median bias of evapotranspiration is -0.5% against
GLEAM (-4.3% against FLUXCOM), the median bias of river discharge is 6.3%, and the median KGE of square-rooted river
discharge is 0.59. The spatial contrasts and temporal trends of river discharge across France are well represented with an ac-
curacy of 76.4% for the trend signal and an accuracy of 62.7% for the trend significance. Despite inadequate performance in
some specific regions (the Alps and the Seine sedimentary basin), this study offers a thorough historical overview of water

resources and a robust configuration for climate change impact analysis at the nationwide scale of France.

1 Introduction

Land surface models (LSMs) are the land surface components of Earth system models (ESMs) and simulate water, energy and
carbon fluxes across continents. The offline use of LSMs as independent physically-based distributed hydrological models has
emerged in the recent decades for evaluating water resources and investigating climate change impacts at both regional and
global scales (e.g., Cai et al., 2014; Pokhrel et al., 2021; Telteu et al., 2021).

Since LSMs provide the lower boundary to atmosphere circulation in ESMs, the spatial discretization of LSMs is usually

consistent with the atmospheric component or atmospheric forcing (in offline mode) so that spatial discontinuity can be averted
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during land-atmosphere coupling. However, the spatial resolution of the atmosphere component, typically 0.5° (IPCC, 2023),
or the atmospheric forcing, typically tens of kilometres (e.g., EuroCORDEX at 11 km in Jacob et al. 2014 and ERA-5 at 31
km in Hersbach et al. 2020), are too coarse to represent topographic details. In addition, river flows are much more constrained
by topographic conditions than by the atmosphere. Thus, accurate hydrological simulations for flood risk assessment, drought
monitoring and human impact assessment (e.g., dam regulation and irrigation) are difficult to achieve, especially for local-scale
implementations. Hence, incorporating high-resolution river routing systems in LSMs is necessary to improve hydrological
simulations by better characterizing the morphological conditions of river basins with high-resolution digital elevation models
(DEMs) (Bierkens et al., 2015).

The conventional approach to computing river basin discharges relies on independent runoff routing models (RRMs) that
interpolate the lateral water flows simulated by the LSM to the grid cells of the RRMs and cascade river discharges along the
drainage network. The RRMs represent the horizontal movements of water fluxes while their vertical movements are kept in
LSMs. There are many different RRMs in the literature, such as the TRIP at 0.5° resolution (Oki and Sud, 1998; Oki et al.,
1999; Vergnes and Decharme, 2012), the RiTHM at 0.25° resolution (Ducharne et al., 2003), and the HYDRA at 5’ resolution
(Coe, 2000). To bridge the gap between high-resolution hydrological simulations and coarse LSM grid cells, the concept of
constructing hydrological transfer units (HTUs) in LSM grid cells with high-resolution DEMs was proposed to better represent
natural river systems (Nguyen-Quang et al., 2018; Polcher et al., 2023). These hydrologically consistent units within each
atmospheric grid cell are connected to horizontally transfer the simulated lateral flows so that the generated river flows in
one atmospheric grid cell can flow into neighbouring grid cells (HTU to HTU and then grid cell to grid cell) (Polcher et al.,
2023). The vertical and horizontal movements of water fluxes can be maintained within the LSM instead of separating these
two movements by two models (i.e., LSMs and RRMs) at different resolutions, which facilitates the representation of human
impacts on hydrological processes (Zhou et al., 2021; Baratgin et al., 2024).

When using LSMs to simulate realistic water fluxes, including river discharge, a calibration step is often necessary: even if
LSMs are designed to be as physical as possible, they inevitably contain parameters that are hard to measure directly, such as
vegetation water stress (Ruiz-Vasquez et al., 2023), or soil properties at different depths (Yang et al., 2016). Traditional hydro-
logic calibration is primarily conducted against river discharge observations (e.g., Troy et al., 2008; Gou et al., 2020; Cho and
Kim, 2022; Rummler et al., 2022), which is considered to be a well-suited benchmark (Prentice et al., 2015). However, calibrat-
ing physically-based LSMs to discharge alone does not guarantee the realistic representation of hydrological processes and the
accurate simulation of other LSM outputs, such as soil moisture (Sutanudjaja et al., 2014) and evapotranspiration (Rajib et al.,
2018a, b). Over the recent decades, the advancement of reanalysis and remote-sensing data quality at fine scales, such as snow
cover (Hall et al., 2002), evapotranspiration (Martens et al., 2017) and soil moisture (Dorigo et al., 2017) products, provides
new opportunities to investigate and improve the effectiveness of LSMs in representing water fluxes. Multi-objective calibra-
tion works that combine discharge observations with these data products have shown an overall improvement on hydrological
simulation performance (e.g., Lopez Ldpez et al., 2017; Jiang et al., 2020; Yang et al., 2021).

The complexity of LSMs makes their calibration extremely difficult in practice because their large number of parameters

induces high degrees of freedom (Fisher and Koven, 2020). Two kinds of methods are mostly used to adjust the parameter set
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of LSMs: automatic (i.e., optimization techniques) and manual (i.e., trial-and-error procedure). Numerous efforts have been put
into optimization algorithms (e.g., Miiller et al., 2015; Yang et al., 2021; Cheng et al., 2023), with the major challenge being the
computational burden, especially for high-resolution applications (Bierkens et al., 2015; Sun et al., 2020). Another limitation
of the automatic calibration method, especially if applied to large parameter sets, stems from the equifinality issue that many
different parameter sets lead to equally good results (Beven, 2006; Fisher and Koven, 2020). In manual calibration practice,
modelers select a few parameter sets, apply them to run the LSM, and choose the best parameter set based on evaluations.
Albeit highly dependant on expert judgement, this method can be efficient in saving model run time compared to the hundreds
of model runs required by automatic methods (Schaperow et al., 2021). Either way, a perfect calibration is always impossible
to achieve due to inherent uncertainties in forcing data (e.g., Gelati et al., 2018; Kabir et al., 2022) and benchmark observations
(e.g., Zeng and Cai, 2018).

Hydrological model performance is typically evaluated with goodness-of-fit indicators, such as Kling-Gupta (Kling et al.,
2012) or Nash-Sutcliffe (Nash and Sutcliffe, 1970) efficiencies. In doing so, discharge is often transformed for performance
evaluation, such as with logarithm to emphasize on low flows (Santos et al., 2018) or with square-root to balance low/high
flows (Song et al., 2019). Hydrological signatures that characterize statistical or dynamic features of discharge (e.g., annual
discharge and low flow duration) can also be used to evaluate simulation performance (see the review by McMillan (2021)).
These traditional indicators implicitly assume stationary conditions and are no longer sufficient since "stationarity is dead"
(Milly et al., 2008). As shown by Todorovi¢ et al. (2022), the traditional indicators do not guarantee the reproduction of
streamflow trends with hydrological models. Thus, trend analyses are important to evaluate the robustness of hydrological
models over the long term, which is essential to subsequent applications for climate change assessment (Fowler et al., 2020).

At the nationwide scale of France, the first distributed LSM for hydrological applications has been proposed by Habets et al.
(2008). It couples the Safran atmospheric reanalysis system (Vidal et al., 2010a) and the ISBA LSM (Decharme and Douville,
2006), both at a spatial resolution of 8 km x 8 km, and the MODCOU model (Ledoux et al., 1989) for groundwater and river
flow, with a variable resolution down to 1 km along rivers. This model, called SIM for Safran-ISBA-MODCOU, was validated
by comparison to hundreds of hydrometric stations with a focus on the Seine, Loire, Garonne, and Rhone River basins, the
four major river basins in France from 1995 to 2005. Observations of piezometric head and snow depth at several sites are
also used to evaluate the SIM model. Since then, it was used to assess drought risks in the atmosphere, soils and rivers, and
to investigate the impact of climate change for future adaptation at the national scale (e.g., Quintana Segui et al., 2009; Vidal
et al., 2010b; Boé et al., 2009), and recently improved to better describe the water and energy budgets in France from 1958 to
2018, providing an extensive historical analysis (Le Moigne et al., 2020).

The main goal of the present study is to obtain a realistic and robust hydrological simulation over France with another
LSM, the Organising Carbon and Hydrology in Dynamic Ecosystems (ORCHIDEE) LSM, using a high-resolution HTU-based
routing scheme (Nguyen-Quang et al., 2018; Polcher et al., 2023). This approach allowed us to simulate river discharge at thou-
sands of hydrometric stations across French rivers, supporting a thorough performance evaluation. In doing so, we combined
traditional indicators implicitly assuming stationary conditions, and indicators about trend accuracy because "stationarity is

dead" (Milly et al., 2008). Another novelty stems from a multi-objective calibration focused on the water budget, benefiting
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from river discharge observations at 1785 hydrometric stations, and evapotranspiration products. The parameterization selected
in this study has been used to project the impact of climate change on French water resources, which contributes to the national
Explore2 project (https://professionnels.ofb.fr/fr/node/1244) for future adaptation design. Here, we only present the simulation
results from 1959 to 2020 to assess the performance of the ORCHIDEE LSM. In section 2, the ORCHIDEE LSM is presented,
followed by a summary of the input data, the benchmark datasets, and the calibration strategy. In section 3, we detail the cal-
ibration procedure that was conducted step by step to improve the overall simulated water budget and evaluate the simulation
which was eventually chosen with classic goodness-of-fit measures and trend analysis; finally, a discussion and conclusions

are presented.

2 Materials
2.1 The ORCHIDEE LSM (revision 7738)

The ORCHIDEE model is a physically-based LSM developed at the Institut Pierre Simon Laplace (IPSL). It is the land com-
ponent of the IPSL climate model (Boucher et al., 2020; Cheruy et al., 2020), which is used for all the past and future climate
simulation exercises carried out for the IPCC reports as part of the Coupled Model Intercomparison Project (CMIP). In this
study, the ORCHIDEE model is not coupled to the IPSL climate model (off-line simulation) but is instead fed by an atmo-
spheric forcing (section 2.2.1). The ORCHIDEE model couples the SECHIBA (water and energy budgets in Ducoudré et al.,
1993) and STOMATE (carbon budget and phenology in Krinner et al., 2005) modules. This coupling describes the hydrolog-
ical processes (e.g., soil moisture diffusion, evapotranspiration, and river discharge) and their interactions with vegetation and
the carbon cycle so that the simulated variables depend on the atmospheric CO, concentration. The water, energy and carbon
fluxes are calculated on a 30-minute time step within each atmospheric grid cell, and the river discharges are then deduced by
aggregating the lateral flows of each grid cell along the river routing network.

The vegetation in a grid cell is not uniform but rather comprises a mosaic of several plant function types (PFTs, section
2.2.2). Table A1 summarizes the 15 PFTs used in the ORCHIDEE LSM. Each PFT is characterized by different morphological,
physiological, phenological and radiative properties, mainly based on specialized literature. The root density profile of each
PFT in the ORCHIDEE model is assumed to decrease exponentially with depth and is modulated by a decay factor ¢, as shown
in Figure F1. The root density of each PFT can be increased (decreased) by decreasing (increasing) c. Crop and grass PFTs
have higher c values than forest PFTs; the roots of crop and grass PFTs are concentrated in surface soil layers while the roots
of forest PFTs can pass through deep soil layers.

The soil is 2 m deep, and each grid cell is characterized by the dominant soil texture (section 2.2.2). The soil water retention
properties (including porosity 6, field capacity . and wilting point ,,) depend on the texture as detailed in Table B1. The soil
hydraulic conductivity at saturation K is not vertically constant, as shown in Figure D1: ORCHIDEE assumes an exponential
decrease with depth due to soil compaction, ruled by a decay factor f, combined with an increase towards the soil surface due to
the presence of roots, which enhances infiltration capacity (de Rosnay et al., 2002; d’Orgeval et al., 2008). This effect depends

on the root density profile. At each time step, soil moisture is redistributed vertically according to the Richards equation (flow in
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an unsaturated medium) and discretized into 22 layers over 2 m, taking into account surface boundary conditions by infiltration
and soil evaporation, withdrawals by roots through the entire soil depth to supply transpiration, and gravitational drainage at
the bottom of the soil (Tafasca et al., 2020). In this framework, transpiration depends on soil moisture and a factor p, which
represents the soil moisture content above which transpiration is maximal, i.e., not limited by water stress. Figure E1 shows
how the parameter p constrains transpiration.

Evapotranspiration (ET) is calculated as the sum of plant transpiration, evaporation of intercepted water, soil evaporation
and snow sublimation. This calculation does not depend on potential evapotranspiration, but it is coupled to the surface energy
balance, which requires a sub-hourly time step (here, 30 minutes) to describe the diurnal radiation cycle. The four ET fluxes
in ORCHIDEE are described by a bulk aerodynamic formulation, in which the roughness length for momentum z,,, and for
heat zg;, control the aerodynamic resistance. zq,, and zo, in ORCHIDEE can be calculated by prescribed parameters: zg,, is
calculated by a first-order approximation of vegetation height, i.e., multiplied by a factor f, (e.g., 1/10 in Brutsaert, 2005);
ZZ"T’; is parameterized as 1 in CMIPS5 to compensate for forcing errors (Dufresne et al., 2013). Note that ZZ(’T’: should be larger
than 1; for example, %:10 was proposed by Brutsaert (2005). 2z, and zg;, in the ORCHIDEE can also be calculated by the
dynamic (dyn) method proposed by Su et al. (2001) as implemented in CMIP6 (Boucher et al., 2020), and the formulation of
the method as well as its application is detailed in Su et al. (2001) and Su (2002). This dynamic method generally decreases
ET simulation for the CMIP6 configuration of ORCHIDEE compared with the CMIP5 configuration.

Snowpack and its dynamics are described by a 3-layer model, which makes it possible to account for variations in albedo,
density and thus the insulating properties of the snowpack as a function of the age of the snow and the nature of the underlying
vegetation (Wang et al., 2013). Rainfall not intercepted by vegetation cover and meltwater can infiltrate or runoff when the
rainfall exceeds the surface hydraulic conductivity. The two runoff terms, surface runoff and gravitational drainage at the
bottom of the soil, are summed as the total runoff.

Eventually, river flows are calculated by a high-resolution routing model (Nguyen-Quang et al., 2018; Polcher et al., 2023),
which aggregates the total runoff of HTUs within each atmospheric grid cell along the river routing network (section 2.2.3).
The routing model contains 3 linear reservoirs in each HTU: the river reservoir allows horizontal flow to transfer from HTU
to HTU along the high-resolution river network; the groundwater and surface water reservoirs are used to compute the mean
transit time of groundwater drainage and surface runoff, respectively, and their contribution to the outflow from the river
reservoir (Schrapffer et al., 2020). The groundwater reservoir is simplified as a free aquifer, and thus the outflow is the base
flow. The resident time of each reservoir depends on the length and slope of the HTU, modulated by a time constant specific
for each reservoir (Polcher et al., 2023), which leads to a duration of resident time from long to short according to the order of
groundwater, surface water, and river reservoirs. In this context, the flow velocity at each HTU in the river reservoir does not

vary with discharge and does not depend on flooding, which is not explicitly described.
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2.2 Input data over France
2.2.1 Atmospheric forcing

The near-surface meteorological Safran reanalysis with a spatial resolution of 8 km and a temporal resolution of hourly time
steps (Vidal et al., 2010a) is used in this study to drive the ORCHIDEE simulations over France. The Safran grid cell is thus the
horizontal resolution of the ORCHIDEE simulations. To cover the complete drainage area of French rivers, especially in the
Eastern alpine parts of France, the Safran reanalysis was extended to some parts of neighbouring countries, especially Switzer-
land (Figure 1). The Safran reanalysis is available from 08/1958 onwards and contains atmospheric data for ORCHIDEE:
air temperature, air pressure, air specific humidity, wind speed, liquid and solid precipitation, and downwards longwave and
shortwave radiation. In addition, annual CO, concentration observations in the atmosphere are sourced from Lurton et al.
(2020).

2.2.2 Boundary conditions: soil, vegetation and land use

The annual vegetation and land use maps for France used in this study are sourced from Lurton et al. (2020) and derived
from two products (see https://orchidas.lsce.ipsl.fr/dev/Iccci/ for further data aggregation information): the global ESA CCI
vegetation distribution (Harper et al., 2023) at 300 m spatial resolution is used to generate 15 generic PFTs gridded at 0.25°
spatial resolution for the ORCHIDEE model (bare soil, 2 crop PFTs, 4 grass PFTs, and 8 forest PFTs as detailed in Table
Al) to represent land cover distribution; the generic 15 PFT distribution is then combined with the Land-Use Harmonization
2 (LUH2) dataset (Hurtt et al., 2020) at 0.25° spatial resolution to produce the temporal evolution of 15 PFTs for CMIP6
simulations over the historical and future periods (850-2100). This information is ultimately reaggregated into Safran grid cells
to account for the spatial distribution of the PFTs across France (Figure Al). The harvested wood biomass is also sourced from
the LUH2 dataset.

The sensitivity of the ORCHIDEE model to global and regional soil texture maps was tested in the literature (e.g., Tafasca
et al., 2020; Kilic et al., 2023). The global soil texture map of Reynolds et al. (2000) shows a better hydrological performance
for the Seine River basin (Kilic et al., 2023). Therefore, the soil texture data for France used in this study are based on the global
soil texture map of Reynolds et al. (2000) at a 1/12° spatial resolution, which classifies soil textures into 12 USDA types. The
soil texture information over France is then rescaled into Safran grid cells by keeping the dominant soil texture type for each

grid cell (Figure B1). The dominant soil textures in France are loam and clay loam according to the Reynolds soil texture map.
2.2.3 River routing network

The construction of the river routing network across France for the ORCHIDEE model is based on the DEM at 1/60° resolu-
tion (approximately 1.3 km over France) built by upscaling the MERIT Hydro global hydrography map at 3-arc sec resolution
(Yamazaki et al., 2019) with the Iterative Hydrography Upscaling (IHU) method (Eilander et al., 2021). The DEM incorporates

the following topographic and hydrologic information from the MERIT Hydro dataset: elevation, flow direction, flow accu-
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Figure 1. The topography and hydrography of Metropolitan France (including Corsica), delineated in black contours, extended to neighbour-
ing countries based on the upscaled MERIT hydro DEM. The river networks in blue are represented by the pixels with a flow accumulation
larger than 200 pixels. Four major river basins, the Seine, the Loire, the Rhone and the Garonne, and three major mountain ranges, the Alps,
the Massif central and the Pyrenees, in France are marked on the map. The gray points represent the central points of the Safran reanalysis

grid cells.
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mulation and distance to the ocean for each pixel, as shown in Figure 1; this information is used to construct the river routing
network connected by the HTUs of Safran grid cells as detailed in Polcher et al. (2023). In this study, we selected 15 trunca-
tions to construct HTUs (nbmax = 15, i.e., the maximum number of HTUs within each atmospheric grid cell) given the spatial
resolutions of the DEM and Safran. Within this framework, the hydrometric stations collected from the Explore2 project are
positioned on the constructed high-resolution river routing network to comply with the following criteria: the distance between
the real station and the modelled station must be less than 5 km and the error of the upstream surface at the modelled station
must be less than 20%. Of the 4081 hydrometric stations collected, 3507 stations are within the above tolerance (86% of the

total stations). Finally, ORCHIDEE can monitor the flow out of the HTU associated with the station during the simulation.
2.3 Evaluation strategy

Three evaluation datasets are used in this study to assess the performance of the ORCHIDEE simulation. The GLEAM dataset
(Martens et al., 2017) provides daily ET data at a 0.25° resolution at the global scale from 1980 to 2020; these data were derived
from the Priestley and Taylor (1972) evaporation model with satellite-based products (net radiation, precipitation, surface
soil moisture, skin and air temperatures, vegetation optical depth, and snow water equivalent) as inputs. The FLUXCOM
dataset (Jung et al., 2019) provides daily ET at a 0.5° resolution from 2001 to 2015 based on machine learning algorithms
that merge global FLUXNET measurements with remote sensing and meteorological observations. Both ET benchmarks are
aggregated to Safran grid cells at monthly time steps. The Explore2 project provides records of daily river discharge (Q) across
France extracted from the French national hydrometric HydroPortail (Leleu et al., 2014; Delaigue et al., 2020). Of the 3507
hydrometric stations placed across the constructed river routing network, 1785 stations had Q records for at least § entire years
over the simulation period of 1959-2020; these records were used to calibrate and evaluate the ORCHIDEE simulation.

The criteria bias, Pearson correlation, Kling-Gupta efficiency (KGE, Kling et al., 2012) and timelag are used to quantitatively
evaluate the goodness-of-fit of the simulated ET and Q against the above datasets. The timelag calculation is based on cross-
correlation and determined by a value t corresponding to the maximum correlation (a positive t means that the simulated Q
time series lags the observed time series by t days; a negative t means that the simulated Q time series leads the observed time
series by -t days). In addition, to verify the ability of the ORCHIDEE LSM to reproduce the observed trends of ET and Q, the
trend signals of the 1785 selected stations were calculated using the Sen’s slope estimator (Sen, 1968), and the nonparametric
Mann-Kendall test (Mann, 1945; Kendall, 1948) was used to determine the significance of the calculated trend signals. The

significance level in this study is set to 5%.
2.4 Calibration design

The simulation period is from 1959 to 2020, with a warm-up from 1959 to 1968 to provide reasonable initial conditions, and the
output variables (e.g., ET and Q) are aggregated to daily time steps. The calibration design is based on iterative trial-and-error
procedures of the ORCHIDEE parameters to minimize the biases of ET and Q, and 6 calibration experiments are illustrated in
Table 1 to show the gradual decrease of both biases. STD is the parameter set sourced from CMIP6 (Boucher et al., 2020) as the

start of the calibration design, and STD calculates ET via a dynamic method. STD forced with Safran reanalysis significantly
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underestimates ET and overestimates Q; the following calibration experiments focus on changing the parameters that increase
ET and decrease Q. EXPla and EXP1b calculate ET by the prescribed ZZ"T’: and f,, respectively, and the values are suggested
by Brutsaert (2005). EXP2 increases the decay factor f, and the soil hydraulic conductivity decreases more rapidly with depth
so that the soil drainage decreases (Q decreases) and ET increases. EXP3 decreases the soil water threshold for transpiration
from 0.8 to 0.5, and transpiration (thus, ET) increases. EXP4 changes the root profiles of 15 PFTs by increasing the ¢ parameter
of tree and boreal grass PFTs to decrease their root density and decreasing the ¢ parameter of crop PFTs to increase crop root

density. As such, the transpiration of trees and boreal grasses decreases, while the transpiration of crops increases.

Table 1. Parameter sets applied to the calibration experiments of the ORCHIDEE LSM. The means of daily evapotranspiration (ET), surface
runoff (Ry), drainage (Rq) and total runoff (R) are calculated over the extended Safran coverage and the 1959-2020 simulation period. The
median of ET bias is calculated for all Safran grid cells of the extended Safran coverage with FLUXCOM dataset over the 2001-2015 period.
The median of river discharge (Q) bias is calculated with the 1785 selected French hydrometric stations over the 1959-2020 period.

Roughness Hydraulics Vegetation
Rs R4 R Bias ET Bias Q

T fs f p c (mm/d]  [mm/d] [mm/d] [mm/d]  [%] [%]
STD dyn 1/15 2 0.8  ref 1.350 0.330 0.933 1.263 -14.9 28.4
2 EXPla 10 - - - - 1.453 0314 0.847 1.161 -9.2 16.7
'% EXP1b 10 1/10 - - - 1.471 0.318 0.824 1.143 -8.0 13.6
fg EXP2 10 1/10 4 - - 1.490 0.916 0.208 1.124 -6.8 11.7
©  EXP3 10 1/10 4 05 - 1.498 0.910 0.206 1.116 -6.2 10.7
EXP4 10 1/10 4 0.5 new 1.526 0.893 0.195 1.089 -4.3 6.3

- same as STD; dyn as dynamic;
ref =[5.0, 0.8, 0.8, 1.0, 0.8, 0.8, 1.0, 1.0, 0.8, 4.0, 4.0, 4.0, 4.0, 4.0, 4.0] in Table Al;
new =[5.0, 0.8, 0.8, 1.0, 0.8, 1.5, 2.0, 2.0, 1.5, 4.0, 4.0, 2.0, 2.0, 4.0, 6.0] in Table A1l.

3 Results
3.1 Evaluation of simulated basin area

Figure 2 shows the good performance of the high-resolution river routing model in simulating the basin areas across France,
with R? = 0.999 across the 3507 stations. Classically, the performance increases with increasing river basin area, with R?
ranging from 0.992 for basins less than 10°> km? to 0.998 for basins larger than 10* km?. However, the routing model tends
to overestimate basin areas for basins less than 10* km? but tends to slightly underestimate basin areas for basins larger than
10* km?. There is no significant positive or negative bias in the simulated basin area for the 4 major river basins (the Seine,

the Loire, the Rhone, and the Garonne), and the biases of most of the simulated basins are less than 5%. For basins larger
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than 10® km?, most of the biases are larger than 5% are located in the mountainous regions, especially in the Alps, given the

complicated topography.
3.2 Calibration results

Figure 3 illustrates how the performance criteria of the simulated ET and Q improve during the calibration experiments.
The first three calibration experiments show the impact of two different methods in calculating ET. STD applies a dynamic
physically-based model that calculates zg,,, and zg; with the variables simulated by ORCHIDEE (e.g., canopy height, LAI,
and fractional coverage for 15 PFTs). EXPla and EXP1b prescribe ZZ"T’; and f, values to approximate zg,, and zg; only with
the simulated variable of canopy height. Compared with STD, EXP1a decreases the negative ET bias against FLUXCOM by
5.7% by greatly increasing zop, from 1.10 x 10™ to 1.43 x 10 m over the extended simulation domain and simulation period
(2om decreases from 0.385 to 0.255 m). Compared with EXP1a, EXP1b decreases the negative ET bias by 1.2% by increasing
f» from 1/15 to 1/10: zq,, increases from 0.255 to 0.482 m, and z(,, increases from 1.43 x 102 t0 2.28 x 10 m. Figures C1
and C2 show the spatial and temporal changes of the zg;, 2o, and ET values for the first three calibration experiments. Q
is thus decreased due to the water budget of ORCHIDEE when ET is increased, and the positive Q bias against HydroPortail
decreases by 11.7% and 3.1%, respectively. For the first three calibration experiments, the biases of simulated ET and Q against
observation datasets are gradually decreased and EXP1a decreases the biases of the simulated ET and Q the most. In addition,
the KGE values of square-rooted Q against observations are slightly increased. However, the correlation values of the simulated
Q against observations are slightly decreased, and the simulated Q tends to gradually lag behind the observations for the first
three calibrations.

To improve the goodness-of-fit of the simulated Q, EXP2 increases the decay factor f from 2 to 4 compared to EXP1b,
which decreases the hydraulic conductivity for soil layers below 0.3 m, while the hydraulic conductivity for soil layers above
0.3 m remains unchanged (Figure D2a-b). A decrease of hydraulic conductivity in deep soil layers leads to a decrease of
drainage at the soil bottom. Since less water drains from deep soil layers while the surface soil layers maintain the same
infiltration capacity, the latter can saturate more easily, and more surface runoff is produced (Table 1). Eventually, the total
runoff is decreased from EXP1b to EXP2 as the surface runoff increase is smaller than the decrease of gravitational drainage
at the soil bottom. EXP2 thus decreases the positive Q bias against HydroPortail (by 1.9%), as well as the negative ET bias
against FLUXCOM (by 1.2%). In addition, the ratio of surface runoff to total runoff is greatly increased from 27.9% in EXP1b
to 81.5% in EXP2, which results in more "fast" surface flow and less "slow" groundwater, leading to more responsive Q to
precipitation events. The correlation and KGE criteria of the simulated Q are improved from 0.59 to 0.69 and from 0.54 to
0.59, respectively (Figure 3). The timelag criterion of the simulated Q is also greatly improved from a range of -11 to 27 days
to a range of -3 to 5 days. Similar improvements in streamflow dynamics could be obtained by changing the time constant of
the fast and slow routing reservoirs without improving the Q and ET biases.

Two additional simulations, EXP3 and EXP4, were conducted to further improve the bias criteria by changing the vegetation

parameters in ORCHIDEE to potentially increase transpiration (thus ET): EXP3 reduced the soil moisture stress for transpi-
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Figure 3. Performance criteria of calibration experiments: (a) bias of the simulated ET to GLEAM dataset; (b) bias of the simulated ET

to FLUXCOM dataset; (c) bias of the simulated Q; (d) Pearson correlation coefficient of the simulated Q; (e) KGE of the square-rooted

simulated Q; (f) timelag of the simulated Q. The calculation of biases for the simulated ET is applied to all Safran grid cells of the extended
domain over the 1980-2020 period against GLEAM dataset and over the 2001-2015 period against FLUXCOM dataset, respectively. The

calculation of criteria for the simulated Q is applied to the 1785 hydrometric stations in the HydroPortail dataset with records for at least 8

entire years.
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ration, while EXP4 changed the vegetation root profile. Transpiration is conveyed by the factor Us in ORCHIDEE, which is
negatively related to the water stress factor F and positively related to root density.

The factor F depends on soil moisture and on a threshold parameter p, as illustrated in Figure E1: there is no soil moisture
stress if F = 1, which occurs when the soil moisture exceeds 0, + p X (6. — 6,,). By decreasing p from 0.8 in EXP2 to 0.5 in
EXP3, a wider range of soil moisture leads to F = 1 and thus unstressed transpiration. As shown in Figure E2, transpiration
(Us) is increased for all PFTs and the effect is more pronounced for crop PFTs (PFTs 12 and 13) than for forest PFTs (PFTs 7
and 8). However, this general decrease of soil water stress to favour transpiration is weak, as it decreases the negative ET bias
against FLUXCOM by only 0.6% (1.0% for the positive Q bias against HydroPortail).

The change in the root density profile from EXP3 to EXP4 further modifies transpiration but also changes the hydraulic
conductivity of the shallow soil layers. In EXP4, we increased the root density of the crop PFTs (PFTs 12 and 13) by decreasing
¢, and decreased the root density of the forest and boreal grass PFTs (PFTs 6, 7, 8, 9, and 15) by increasing c (Table A1; Figure
F1). Given the major spatial distribution of the crop PFTs in France (Figure A1), the general effect of EXP4 compared to EXP3
increases transpiration (thus ET), which also reduces drainage at the soil bottom. In addition, the hydraulic conductivity of the
shallow soil layers in France is slightly increased but with some spatial differences, as shown in Figure D2c-d, which generally
reduces surface runoff. The negative ET bias against FLUXCOM is decreased by 1.9% (4.4% for the positive Q bias against
HydroPortail). Both EXP3 and EXP4 barely improve the correlation and KGE criteria of simulated Q against observations,
while EXP4 slightly degrades the timelag due to the change in infiltration capacity in surface soils.

In summary, by successively adjusting the surface roughness, hydraulic, and vegetation parameters, the goodness-of-fit
measures of the simulated ET and Q are gradually improved. A considerable improvement in the bias criteria for the simulated
ET and Q comes from the method of calculating ET by prescribing the surface roughness parameters (EXP1a and EXP1b). The
correlation, KGE and timelag criteria performance for the simulated Q are considerably increased by calibrating the hydraulic
parameter (EXP2) due to a better adjustment of the surface runoff and drainage ratios to total runoff. Calibrations of vegetation
parameters (EXP3 and EXP4) also improve the simulation performance but with minor sensitivity compared to the previous

calibrations. Generally, EXP4 shows the most satisfactory simulation performance among the calibration experiments.
3.3 Evaluation of simulated water fluxes

The simulation is evaluated using the EXP4 calibration experiment, which yields the overall best performance criterion values

in terms of the simulated ET and Q.
3.3.1 ET simulation performance

Both the GLEAM and FLUXCOM datasets are used to evaluate the ET simulation by ORCHIDEE in this study, and they
exhibit similar spatial patterns of ET, with more ET in the southern part (except for the high Alps) and less ET in the northern
part of the simulation domain (Figure 4a-b). However, compared with that in the GLEAM dataset, the ET of the FLUXCOM
dataset is much greater in the north-western part of the domain (i.e., the Seine and Loire River basins) and lower in the

mountainous regions (i.e., the Alps, the Massif central and the Pyrenees).
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Figure 4c shows that the spatial distributions of the simulated ET biases are distinctly contrasted from those of the GLEAM
dataset over the entire simulated domain: the simulated ET is generally underestimated in the mountainous regions (except
for the high Alps, where a considerable overestimation occurs) and the Gascogne region (alluvial plain of the Pyrenees) but
is significantly overestimated in the north-western part (notably the Seine River basin). On the other hand, compared to the
FLUXCOM dataset, Figure 4d shows that the simulated ET bias is generally underestimated but overestimated in the south-
eastern part of the entire simulation domain (notably the Mediterranean mountainous regions). Although the median bias of the
simulated ET against GLEAM (-0.5%) is better than that against FLUXCOM (-4.3%), as illustrated in Figure 3, the simulated
ET is more spatially consistent with FLUXCOM.

3.3.2 Q simulation performance

Figure 5 shows the spatial distribution of the simulated Q criteria evaluated by the 1785 selected hydrometric stations in the Hy-
droPortail dataset. The Q simulated by ORCHIDEE is mainly underestimated in Mediterranean river basins and overestimated
elsewhere, which is consistent with the overestimation of the simulated ET in the Mediterranean region and the underestima-
tion elsewhere against the FLUXCOM dataset. The biases of the simulated Q for most basins larger than 10° km? are less
than 10%. In general, the river discharges in the Sadne (a major tributary contributing to the Rhone River basin), Garonne, and
Loire River basins along the main river networks are satisfactorily represented by ORCHIDEE, with the Pearson correlation
and KGE criteria mostly larger than 0.8 and 0.75, respectively. Subbasins with areas less than 10> km? in these river basins are
also fairly well simulated with Pearson correlation and KGE criteria broadly larger than 0.6 and 0.5, respectively. In terms of
the timelag criterion, the simulated Q of most hydrometric stations in the Seine River basin leads the observations by approxi-
mately 2 to 6 days, while the simulated Q in the Loire River basin tends to lag the observations by 2 to 4 days. The simulated
Q in the Garonne and Rhone River basins generally reveal no obvious leading or lagging results.

Human impacts on water that are not explicitly taken into account in this study lead to the degradation of goodness-of-
fit indicators. An example of the simulation results for the Loire River basin is illustrated in Figure 6. The variability and
seasonality of the Q and ET fluxes are well represented by ORCHIDEE while the simulated Q of the Loire River during the
summer period is overestimated. This difference may be attributed to the irrigation extraction of maize crops by upstream
reservoirs (Janin, 1996). The Seine River basin is influenced by upstream reservoirs that store high winter flows and release
them during summer to meet environmental and navigational needs and by groundwater pumping mostly for drinking water in
Paris (Flipo et al., 2020). These human interventions are not described in the ORCHIDEE LSM, which probably explains in a
large part why river discharge downstream of Paris is strongly underestimated, especially in summer (Figure 7). In addition,
the mountainous basins in the Alps (e.g. the Isere and Durance River basins, contributing to the Rhone River) and the Pyrenees
(e.g. the Neste River basin, contributing to the Garonne River) show unsatisfactory simulation performance (Figures G1-2)
because these river basins are significantly perturbed by dams and reservoirs for winter hydropower production, spring refill
and summer irrigation (e.g. the Serre-Poncon reservoir in the Durance River basin, one of the largest dams in Europe) (Francois
etal., 2014; Andrew and Sauquet, 2017; Huang et al., 2022; Baratgin et al., 2024). Appendix I shows that ORCHIDEE performs

better on natural or weakly influenced river basins than on influenced river basins, especially for correlation and KGE criteria.
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Figure 5. The spatial distribution of the Q simulation performance evaluated by the (a) bias, (b) Pearson correlation coefficient, (c) KGE of
the square-rooted Q, and (d) timelag for the 1785 selected French hydrometric stations in the HydroPortail dataset over the entire simulation

domain.
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Figure 6. The simulation performance of the Loire River at the hydrometric station Montjean-sur-Loire (M5300010): (a) the simulated river

basin area with the legend of the proportion of Safran grids contributing to the basin area; (b) the annual regime of simulated Q compared

to the observation in the HydroPortail dataset at daily time steps from 1959 to 2020; (c) the annual regime of simulated ET compared to the

GLEAM dataset at monthly time steps from 1980 to 2020; (d) the annual regime of simulated ET compared to the FLUXCOM dataset at

monthly time steps from 2001 to 2015; and (e) the simulated Q compared to the observation at monthly time steps from 1959 to 2020. The

regime plots of ET and Q are presented with the colour bands as the range between the 25% and 75% quantiles and the solid lines as the

medians.
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Figure 7. The same as in Figure 6 but for the Seine River at the hydrometric station Vernon (H8110020).
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Other model imperfections degrade the quality of simulated river discharge. In the mountains, these poor results could also
be related to poor snow simulation. Groundwater is also known to strongly influence streamflow, especially in river basins
embedded in sedimentary basins (e.g., the Seine River basin). Groundwater is simply represented in ORCHIDEE by the slow
reservoir of the routing scheme as a free aquifer. However, ORCHIDEE does not account for the difference between large
aquifers, which significantly buffer river discharge variability (Gascoin et al., 2009), and smaller aquifers with shallow and
very reactive water tables. This problem could be approached by assigning larger residence times to the slow reservoirs of grid

cells in sedimentary basins.
3.3.3 Q trend performance

Figure 8 shows that the calibrated ORCHIDEE LSM satisfactorily represents the observed Q trend of the 1785 selected French
hydrometric stations. In general, both the observed and simulated Q trends exhibit similar spatial patterns, with a decreasing
trend (significant) in the south-eastern part of France and an increasing trend (not significant) in the north-western part of
France, which is consistent with the findings of previous studies (e.g., Guadmundsson et al., 2017; Vicente-Serrano et al., 2019).
Most basins with significant observed and simulated decreasing trends are located in the Garonne River, upstream of the Loire
River, and upstream of the Rhone River. However, compared with the observed Q trends over France, the simulated Q trends
tend to alleviate the decreasing trend and to enhance the increasing trend. For example, there is a general decreasing trend,
usually not significant, for the basins located on the Mediterranean coast (including Corsica) from the observed Q, while the
simulated trend signals are more variant. In the north-western part of France (such as in the middle part of the Seine River and
the Brittany Peninsula), the increasing trends of the simulated Q are more pronounced than in the observations. To summarize,
the simulated trends tend to be more positive than the observed trends over France, which might be attributed to the fact that
intensified water withdrawals (for irrigation, industry, and drinking water) are not considered in the simulation from 1959 to
2020. This period corresponds to the expansion of agricultural and water infrastructure projects across France (Janin, 1996),
and human activities are inferred to be the dominant drivers of river flow decreases and drought aggravation (e.g., Garcia-Ruiz
et al., 2011; Loon et al., 2022; Greve et al., 2023). Nonetheless, climate variability and land use and land cover changes are
taken into account in the simulations of this study, which partially explain the south-east (dry)/north-west (wet) contrast across

France.

Table 2. The confusion matrix metrics that evaluate the performance of the ORCHIDEE LSM in representing the Q trend signal and signifi-

cance over France from 1959 to 2020.

Trend signal
Metric Accuracy PPV NPV TPR TNR
Value [-] 76.4% 66.8% 81.7% 66.7% 81.8%

Trend significance
Metric Accuracy PTSA NTSA
Value [-] 62.7% 87.9% 79.4%
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Figure 8. The spatial distribution of the observed Q trend (a), the simulated Q trend (b), and the ratio between the simulated Q trend

and observed Q trend for the 1785 selected French hydrometric stations in the HydroPortail dataset from 1959 to 2020. The trends of the

simulated and observed Q are calculated with the yearly mean Q time series for the common period of two time series. The confusion

matrix (d) between the observed Q trend and the simulated Q trend is presented at 4 dimensions as colourful boxes (significant positive, not

significant positive, not significant negative, and significant negative) and at 2 dimensions as white boxes (positive and negative).
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To further advance the information obtained from the confusion matrix of Figure 8d, Table 2 summarizes the performance
of the simulated Q trend signal and its significance. The classic metrics of the confusion matrix are used here including the
following: the metric "Accuracy" indicates the proportions of correctly simulated trend signals and significance among the
1785 hydrometric stations; the metrics "PPV" (positive predictive value) and "NPV" (negative predictive value) indicate how
many positive/negative simulations are actually correct (from Figure 8d, 423/(423+210) for PPV and 941/(941+211) for NPV);
and the metrics "TPR" (true positive rate) and "TNR" (true negative rate) indicate how many positive/negative observations
that are able to be correctly represented by the model (from Figure 8d, 423/(423+211) for TPR and 941/(941+210) for TNR).
In addition, the metrics PTSA (positive trend significance accuracy) and NTSA (negative trend significance accuracy) indicate
the proportions of accurate trend significance (either significant or not) among all the accurate positive or negative trends.
Hydrometric stations with accurate trend signals but incorrect significance (in light blue in Figure 8d) are considered inaccurate
in this framework.

Generally, the ORCHIDEE LSM satisfactorily reproduces the past trends of French river discharge from 1959 to 2020 with
an accuracy of 76.4% for the trend signal and an accuracy of 62.7% for the trend significance. Compared to the observed Q
trend signal over France, the negative Q trend is relatively better simulated than the positive Q trend despite the inadequate
consideration of human perturbations. However, in terms of the simulation performance of trend significance, the positive Q
trend significance is slightly better than the negative Q trend significance.

Figures 9 and 10 show the water flux trends in the Loire and Seine River basins, respectively, as two examples. The de-
creasing trends of the annual streamflow for both river basins are well simulated by the ORCHIDEE LSM. Nevertheless, the
simulated decreasing trend of the Loire River is weakened with the underestimation of wet years, while that of the Seine River
is aggravated with the overestimation of wet years and the underestimation of dry years. The simulated increasing trends of
ET for both river basins are more consistent with those of the GLEAM dataset than those of the FLUXCOM dataset given its

longer records. More examples of the water flux trends are provided in Appendix H.

4 Discussion and conclusions

This study presents the development of a high-resolution hydrological simulation over France with the ORCHIDEE LSM to
quantify water resources at the nationwide scale, either retrospectively, as shown here to evaluate the set up, or prospectively, as
planned for the Explore2 project to deliver climate change projections. After several calibration steps to improve the simulated
water budget and hydrological performance, the simulation results over the 1959-2020 period are evaluated via comparison
with the ET products (the GLEAM and FLUXCOM datasets) at monthly steps and with the French national hydrometric net-
works (the HydroPortail dataset) at daily time steps. Generally, the selected parametrization of the ORCHIDEE LSM provided
satisfactory results in terms of the simulated basin areas and water fluxes.

This study emphasizes the ability of this version of ORCHIDEE to reproduce the temporal and spatial patterns of Q trends,
with an accuracy of the trend signal of 76.4% and that of the trend signficance of 62.7% over France. The decreasing trend in

south-eastern France with marked significance and the increasing trend in north-western France with minor significance are
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adequately represented by the ORCHIDEE LSM. To a greater extent, this diagnosis is necessary for climate change impact
studies because adaptation strategies are grounded in the statistical analysis of the projections, potential trends of future river
discharge in particular. Therefore, hydrological models must be able to accurately reproduce trend signals under current climate
conditions. However, in most climate change impact studies, this investigation of hydrological model performance has been
rarely analysed but has been found to depend primarily on traditional goodness-of-fit indicators (e.g., KGE). A recent study
revealed that these traditional indicators do not ensure the reproduction of trend signals (Todorovi¢ et al., 2022). An inadequate
representation of vegetation dynamics can explain why some hydrological models fail to accurately reproduce river discharge
trends (e.g., the HBV conceptual hydrological model; Duethmann et al., 2020). On the other hand, the incorporation of vege-
tation dynamics in hydrological models often improves their hydrological simulation performance (e.g., Jiao et al., 2017; Bai
et al., 2018). The ORCHIDEE LSM accounts for the interactions between the biosphere (15 PFTs in this study) and hydro-
sphere (e.g., transpiration, precipitation interception, and photosynthesis) by coupling the SECHIBA and STOMATE modules
to explicitly simulate the phenomena of the terrestrial carbon and water cycles (Ducoudré et al., 1993; Krinner et al., 2005).

Uncertainties remain in the the ORCHIDEE LSM and the selected parameterization. In this study, we applied the trial-and-
error calibration method (no parameter optimization procedure) to reduce the computational burden. The general principle of
calibration is to decrease the biases of water fluxes across France by increasing ET and decreasing Q simulations starting from
the CMIP6 configuration; the calibration experiments follow this principle by changing the parameters employed for all the
grid cells across France. This procedure indeed simplifies the calibration of such sophisticated physically based LSMs to obtain
generally accepted performance criteria over the entire simulation domain. However, improvements in simulation performance
in some areas remain limited. For example, calibrating the hydraulic conductivity influenced by both soil and vegetation (EXP2
and EXP4) to adjust infiltration and surface runoff have improved the overall performance criteria except for those of the Seine
River basin. In reality, the characteristics of the Seine River basin, such as its relief and lithology, allow more predominant
infiltration than surface runoff, especially in the upstream region of the Seine basin (e.g., Schneider et al., 2017; Mardhel
et al., 2021). The calibration of soil hydraulic conductivity at the basin scale (i.e., different parameter values for the grid cells
over the simulation domain) could improve the simulation results (e.g., Quintana Segui et al., 2009). Another challenge is the
parameterization of the 15 PFTs in terms of their transpiration capacity when facing water stress and root profiles (EXP3 and
EXP4) due to the lack of observations, notwithstanding their importance to terrestrial carbon and water cycles.

Uncertainties concerning the input data should also be considered. For instance, heterogeneity particularly regarding the
radiation data of the Safran reanalysis (i.e., the break of homogeneity in time series with an abrupt increase in the profile of
incident solar radiation after the late 1980s) has been reported, which could be attributed to the improvement of the assimilation
system over time, the variation of the in-situ observations and the darkening-lightening effect (e.g., Le Moigne et al., 2020).
This directly impacts the ET simulation results. There are also large uncertainties in the Safran reanalysis on precipitation in
high elevation areas in France (e.g., Birman et al., 2017; Baratgin et al., 2024). The uncertainties of other input datasets, such as
the Reynolds soil texture map and the LUH2 land use and land cover maps applied to the ORCHIDEE LSM has been discussed
in other studies (e.g., Kilic et al., 2023; Lurton et al., 2020; Tafasca et al., 2020).
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Nevertheless, some perspectives concerning better representations of land surface processes can be proposed to improve
the simulation performance of the ORCHIDEE LSM. Given the inadequate performance of basins where drainage plays an
important role in river discharge (e.g., the Seine River basins), the introduction of a groundwater module in the ORCHIDEE
LSM is necessary to describe the interactions between aquifers and rivers in these basins. Moreover, mountainous basins are
not adequately simulated; indeed, the Safran reanalysis is deficient in these regions, and there is still room for improvement
in the 3-layer snow model, especially for the snow thermal conductivity, which is crucial for snow dynamics (Wang et al.,
2013). Human impacts on terrestrial water cycles, in particular irrigation activities and dam regulations, could also be included
to acquire more realistic simulations by comparison to the observations in highly anthropized basins. These functionalities
are being developed by the ORCHIDEE project team at IPSL. Currently, a new irrigation module based on the flooding
irrigation method (Arboleda-Obando et al., 2023) and a new demand-based hydropower module (Baratgin et al., 2024) are
being developed and validated.
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Figure 9. The temporal trends of the observed and simulated annual Q (a) and ET (b) of the Loire River at the hydrometric station Montjean-

sur-Loire (M5300010) for the 1959-2020, 1980-2020, and 2001-2015 periods. The trend magnitudes are marked in the plots in units of

%lyear and the symbol (*) indicates the significance of the trend (p value <0.05).
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H8110010: Seine at Vernon
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Figure 10. The same as in Figure 9 but for the Seine River at the hydrometric station Vernon (H8110010).
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Appendix A: PFTs in the ORCHIDEE LSM

Table Al. Overview of the 15 PFTs used in ORCHIDEE with the root density value c of each PFT used for CMIP6 configuration (ref) and
for this study (new). PFTs 2, 3, and 14 do not appear in France.

PFT  Description cofref[-] cofnew [-]
1 bare soil 5.0 5.0
2 tropical broadleaf evergreen 0.8 0.8
3 tropical broadleaf raingreen 0.8 0.8
4 temperate needleleaf evergreen 1.0 1.0
5 temperate broadleaf evergreen 0.8 0.8
6 temperate broadleaf summergreen 0.8 1.5
7 boreal needleleaf evergreen 1.0 2.0
8 boreal broadleaf summergreen 1.0 2.0
9 boreal needleleaf deciduous 0.8 1.5
10 temperate natural grassland (C3) 4.0 4.0
11 natural grassland (C4) 4.0 4.0
12 crops (C3) 4.0 2.0
13 crops (C4) 4.0 2.0
14 tropical natural grassland (C3) 4.0 4.0
15 boreal natural grassland (C3) 4.0 6.0
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Figure Al. The spatial distribution of the PFTs that appear in France averaged over the 1959-2020 period based on the LUH2 dataset (Hurtt
et al., 2020) reaggregated into Safran grid cells.
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Appendix B: The Reynolds soil texture map

Table B1. Overview of the 12 soil texture classes in the Reynolds soil texture map (Sa = sand, Si = silt, L = loam, and C = clay) (Reynolds
et al., 2000), their reference hydraulic conductivity (K™ and their water retention properties (volumetric water content at saturation 6, field

capacity 6. and wilting point 6., ).

Index 1 2 3 4 5 6 7 8 9 10 11 12
Soil texture Sa LSa Sal SiL Si L SaCL SiCL CL SaC SiC C
K™ [mm/d]  7128.0 3501.6 1060.8 108.0 60.0 249.6 3144 16.8 62.4 28.8 4.8 48.0

0, [m*/m’] 0.43 0.41 0.41 0.45 0.46 0.43 0.39 0.43 0.41 0.38 0.36 0.38
0. [m*/m’] 0.0493 0.0710 0.1218 0.2402 0.2582 0.1654 0.1695 0.3383 0.2697 0.2672 0.3370  0.3469
0, [m*/m*]  0.0450 0.0570 0.0657 0.1039 0.0901 0.0884 0.1112 0.1967 0.1496 0.1704 0.2665 0.2707

28



https://doi.org/10.5194/egusphere-2024-445

Preprint. Discussion started: 25 March 2024 EG U “ N
© Author(s) 2024. CC BY 4.0 License. Sp here
Preprint repository

Soil texture

Sa
50°N+
LSa
SalL
48°NH SiL
Si

46°N -
SaCL
SiCL

44°N- CL

SaC

SiC
42°N+

4°W  2°W 0° 2°E 4°E 6°E 8°E  10°E

Figure B1. The dominant soil texture classes in France based on the Reynolds soil texture map (Reynolds et al., 2000) reaggregated into

Safran grid cells.
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Appendix C: Calibration of roughness length parameters
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Figure C1. The spatial distributions of the simulated 2o, zom, and ET values averaged over the 1959-2020 period in France for the calibration

experiments STD, EXP1la, and EXP1b.
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A R

Figure C2. The time series of the simulated zon, zom, and ET values averaged over France from 1959 to 2020 for the calibration experiments

STD, EXPla, and EXP1b.
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Appendix D: Calibration of soil hydraulic conductivity

Ks of soll texture L + PFT6 Ks of soll texture L + PFT12
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Figure D1. Two examples showing how soil hydraulic conductivity is impacted by soil compaction (an exponential decrease with depth) and
vegetal roots (an increase towards the soil surface): the loamy soil class (L) covered by trees (PFT6) in the left and by crops (PFT12) on the
right for the calibration experiments EXP1b, EXP2 (or EXP3), and EXP4.
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Figure D2. The simulated hydraulic conductivity in all soil layers averaged over France for the comparison between EXP1b and EXP2 (a)

and the comparison between EXP3 and EXP4 (c). The difference in the simulated hydraulic conductivity between EXP1b and EXP2 (b) and

between EXP3 and EXP4 (d) in some soil layers in France.
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Appendix E: Calibration of the soil water stress for transpiration

Soil moisture stress factor F for transpiration of soil texture L
1.0
0.8
- 06 ' 1—»0,+08x%x(0.-0,)
g I
< \——> 6, +0.5X (6, -
L o4 " 0,+05%x(6.-06,)
' - EXP2
02 o - EXP3
Lo
| |
0.0/ Lo
0 Ow 6. 0.2 0.4 6
G [m3/m3]

Figure E1. An example of the loamy soil texture (L) at soil depth layer i to show how soil moisture linearly constrains transpiration for
calibration experiments EXP2 and EXP3. The water retention properties of the loamy soil texture are sourced from Table B1. When the soil
moisture stress factor F is 0, transpiration is 0, and when F is 1, it reaches a maximum. F is 1 when the soil moisture is above 0., +p X (0. —60.)

with p equal to 0.8 for EXP2 and 0.5 for EXP3.
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Figure E2. The transpiration factor (Us) at the PFT level averaged over France and the 1959-2020 period for the calibration experiments
EXP2 and EXP3 in the top, and the difference in the bottom.
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Appendix F: Calibration of root density
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Figure F1. Two examples, PFTs 6 and 12, are used to show how root density changes with soil depth for calibration experiments EXP3 and
EXP4.
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445 Appendix G: The simulation performance of the ORCHIDEE LSM for several large river basins
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Figure G1. The same as in Figure 6 but for the Garonne River at the hydrometric station Lamagistere (06140010).
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Figure G2. The same as in Figure 6 but for the Rhone River at the hydrometric station Beaucaire (V7200010).
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Appendix H: The simulated trends of water fluxes for several large river basins
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Figure H1. The same as in Figure 9 but for the Garonne River at the hydrometric station Lamagistere (06140010).
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Figure H2. The same as in Figure 9 but for the Rhone River at the hydrometric station Beaucaire (V7200010).
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Appendix I: Human impacts on the simulated Q performance

Within the framework of the Explore2 project, the identification of human impacts on French river basins was based on the

procedure of cross-referencing the Q observations from HydroPortail and possible sources of human activities on natural water

resources. These sources are the French national BNPE dataset (https://bnpe.eaufrance.fr) that records water withdrawals as

well as their uses for all the communes in France, and the AQUASTAT dataset (www.fao.org/aquastat/en/databases/dams that

contains descriptive data (location, volume, and function) for 113 large dams over France. In addition, several indicators are

calculated to quantify the human impacts on water resources: the ratio of upstream reservoir volume to naturalized annual Q,

the ratio of summer withdrawals to naturalized summer Q, and the ratio of annual withdrawals to naturalized annual Q. The

values of these indicators for natural or weakly influenced basins should be less than 5%, 10%, and 5%, respectively. The

basins that do not meet the criteria are identified as influenced. Figure I1 shows that ORCHIDEE simulates Q better for the

natural or weakly influenced basins than the influenced basins.
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Figure I1. Performance criteria of the simulated Q in EXP4 for the influenced basins compared to the natural or weakly influenced basins:

Correlation of Q
1.0 1.0
(b)
0.8 | 0.8
T
O 06 0.6
1)
o
0.4 0.4
0.2 0.2
Timelag of Q
10 (d) -10
5 | 5
5
Py ] | | |
=
-5 =5
-10 10

Natural or weakly influenced (536 stations)

(a) bias; (b) Pearson correlation coefficient; (c) KGE of square-rooted simulated Q; (d) timelag.

41



460

465

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

Code and data availability. The ORCHIDEE codes and data used in this study can be obtained by contacting the corresponding author.

Author contributions. PH, AD, and LR designed the research. PH and LR performed the simulations. PH analysed the data and prepared a
draft of the manuscript. JP and LB contributed to building the high-resolution river network. VB prepared the input data for the simulation.
ES prepared the river discharge observations. All the authors contributed to interpreting results, discussing findings and improving the

manuscript.
Competing interests. The authors declare that they have no conflict of interest.

Acknowledgements. This research was financed by the Explore2 project with support from the French Biodiversity Agency (OFB) and the
French Ministry of Ecological Transition (MTECT). This research was also financed by the BLUEGEM project (ANR-21-SOIL-0001). The
simulations analyzed in the paper were produced and stored at THE IDRIS on the supercompute Jean Zay CSL, owing to THE resources

provided by GENCI under grant 2022-AD010113599.

42



https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U h
© Author(s) 2024. CC BY 4.0 License. spnere

References

Andrew, J. T. and Sauquet, E.: Climate Change Impacts and Water Management Adaptation in Two Mediterranean-Climate Watersheds:
470 Learning from the Durance and Sacramento Rivers, Water, 9, https://doi.org/10.3390/w9020126, 2017.
Arboleda-Obando, P. F., Ducharne, A., Yin, Z., and Ciais, P.: Validation of a new global irrigation scheme in the land surface model OR-
CHIDEE v2.2, EGUsphere, 2023, 1-34, https://doi.org/10.5194/egusphere-2023-1323, 2023.
Bai, P, Liu, X., Zhang, Y., and Liu, C.: Incorporating vegetation dynamics noticeably improved performance of hydrological model un-
der vegetation greening, Science of The Total Environment, 643, 610-622, https://doi.org/https://doi.org/10.1016/].scitotenv.2018.06.233,
475 2018.
Baratgin, L., Polcher, J., Dumas, P., and Quirion, P.: Modeling hydropower operations at the scale of a power grid: a demand-based approach,
EGUsphere, 2024, 1-52, https://doi.org/10.5194/egusphere-2023-3106, 2024.
Beven, K.: A manifesto for the equifinality thesis, Journal of Hydrology, 320, 18-36, https://doi.org/https://doi.org/10.1016/j.jhydrol.2005.07.007,
the model parameter estimation experiment, 2006.
480 Bierkens, M. F. P, Bell, V. A., Burek, P., Chaney, N., Condon, L. E., David, C. H., de Roo, A., Doll, P., Drost, N., Famiglietti, J. S., Florke,
M., Gochis, D. J., Houser, P., Hut, R., Keune, J., Kollet, S., Maxwell, R. M., Reager, J. T., Samaniego, L., Sudicky, E., Sutanudjaja,
E. H., van de Giesen, N., Winsemius, H., and Wood, E. F.: Hyper-resolution global hydrological modelling: what is next?, Hydrological
Processes, 29, 310-320, https://doi.org/https://doi.org/10.1002/hyp.10391, 2015.
Birman, C., Karbou, F., Mahfouf, J.-F., Lafaysse, M., Durand, Y., Giraud, G., Mérindol, L., and Hermozo, L.: Precipitation Analysis over
485 the French Alps Using a Variational Approach and Study of Potential Added Value of Ground-Based Radar Observations, Journal of
Hydrometeorology, 18, 1425 — 1451, https://doi.org/10.1175/JHM-D-16-0144.1, 2017.
Boucher, O., Servonnat, J., Albright, A. L., Aumont, O., Balkanski, Y., Bastrikov, V., Bekki, S., Bonnet, R., Bony, S., Bopp, L., Bracon-
not, P, Brockmann, P., Cadule, P., Caubel, A., Cheruy, F., Codron, F., Cozic, A., Cugnet, D., D’Andrea, F., Davini, P, de Lavergne,
C., Denvil, S., Deshayes, J., Devilliers, M., Ducharne, A., Dufresne, J.-L., Dupont, E., Ethé, C., Fairhead, L., Falletti, L., Flavoni, S.,
490 Foujols, M.-A., Gardoll, S., Gastineau, G., Ghattas, J., Grandpeix, J.-Y., Guenet, B., Guez, Lionel, E., Guilyardi, E., Guimberteau, M.,
Hauglustaine, D., Hourdin, F., Idelkadi, A., Joussaume, S., Kageyama, M., Khodri, M., Krinner, G., Lebas, N., Levavasseur, G., Lévy,
C., Li, L., Lott, E, Lurton, T., Luyssaert, S., Madec, G., Madeleine, J.-B., Maignan, F., Marchand, M., Marti, O., Mellul, L., Meur-
desoif, Y., Mignot, J., Musat, 1., Ottlé, C., Peylin, P.,, Planton, Y., Polcher, J., Rio, C., Rochetin, N., Rousset, C., Sepulchre, P., Sima,
A., Swingedouw, D., Thiéblemont, R., Traore, A. K., Vancoppenolle, M., Vial, J., Vialard, J., Viovy, N., and Vuichard, N.: Presenta-
495 tion and Evaluation of the IPSL-CM6A-LR Climate Model, Journal of Advances in Modeling Earth Systems, 12, e2019MS002 010,
https://doi.org/https://doi.org/10.1029/2019MS002010, 2020.
Boé, J., Terray, L., Martin, E., and Habets, F.: Projected changes in components of the hydrological cycle in French river basins during the
21st century, Water Resources Research, 45, W08 426, https://doi.org/https://doi.org/10.1029/2008 WR007437, 2009.
Brutsaert, W.: Hydrology: An Introduction, Cambridge University Press, https://doi.org/10.1017/CB09780511808470, 2005.
500 Cai, X., Yang, Z.-L., David, C. H., Niu, G.-Y., and Rodell, M.: Hydrological evaluation of the Noah-MP land surface model for the Mississippi
River Basin, Journal of Geophysical Research: Atmospheres, 119, 23-38, https://doi.org/https://doi.org/10.1002/2013JD020792, 2014.
Cheng, Y., Xia, W., Detto, M., and Shoemaker, C. A.: A Framework to Calibrate Ecosystem Demography Models Within
Earth System Models Using Parallel Surrogate Global Optimization, Water Resources Research, 59, e2022WR032945,
https://doi.org/https://doi.org/10.1029/2022WR032945, 2023.

43



505

510

515

520

525

530

535

540

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

Cheruy, F., Ducharne, A., Hourdin, F., Musat, L., Vignon, E., Gastineau, G., Bastrikov, V., Vuichard, N., Diallo, B., Dufresne, J.-L., Ghattas, J.,
Grandpeix, J.-Y., Idelkadi, A., Mellul, L., Maignan, F., Ménégoz, M., Ottlé, C., Peylin, P., Servonnat, J., Wang, F., and Zhao, Y.: Improved
Near-Surface Continental Climate in [IPSL-CM6A-LR by Combined Evolutions of Atmospheric and Land Surface Physics, Journal of
Advances in Modeling Earth Systems, 12, €2019MS002 005, https://doi.org/https://doi.org/10.1029/2019MS002005, 2020.

Cho, K. and Kim, Y.: Improving streamflow prediction in the WRF-Hydro model with LSTM networks, Journal of Hydrology, 605, 127 297,
https://doi.org/https://doi.org/10.1016/j.jhydrol.2021.127297, 2022.

Coe, M. T.: Modeling Terrestrial Hydrological Systems at the Continental Scale: Testing the Accuracy of an Atmospheric GCM, Journal of
Climate, 13, 686—704, https://doi.org/https://doi.org/10.1175/1520-0442(2000)013<0686:MTHSAT>2.0.CO;2, 2000.

de Rosnay, P., Polcher, J., Bruen, M., and Laval, K.: Impact of a physically based soil water flow and soil-plant interaction represen-
tation for modeling large-scale land surface processes, Journal of Geophysical Research: Atmospheres, 107, ACL 3-1-ACL 3-19,
https://doi.org/https://doi.org/10.1029/2001JD000634, 2002.

Decharme, B. and Douville, H.: Introduction of a sub-grid hydrology in the ISBA land surface model, Climate dynamics, 26, 65-78,
https://doi.org/10.1007/s00382-005-0059-7, 2006.

Delaigue, O., Génot, B., Lebecherel, L., Brigode, P., and Bourgin, P.: Database of watershed-scale hydroclimatic observations in France,
Université Paris-Saclay, INRAE, HYCAR Research Unit, Hydrology group, Antony. Available from: https://webgr.inrae.fr/activites/base-
de-donnees/, 2020.

d’Orgeval, T., Polcher, J., and de Rosnay, P.: Sensitivity of the West African hydrological cycle in ORCHIDEE to infiltration processes,
Hydrology and Earth System Sciences, 12, 1387-1401, https://doi.org/10.5194/hess-12-1387-2008, 2008.

Dorigo, W., Wagner, W., Albergel, C., Albrecht, F., Balsamo, G., Brocca, L., Chung, D., Ertl, M., Forkel, M., Gruber, A., Haas, E.,
Hamer, P. D., Hirschi, M., Ikonen, J., de Jeu, R., Kidd, R., Lahoz, W., Liu, Y. Y., Miralles, D., Mistelbauer, T., Nicolai-Shaw, N.,
Parinussa, R., Pratola, C., Reimer, C., van der Schalie, R., Seneviratne, S. I., Smolander, T., and Lecomte, P.: ESA CCI Soil Mois-
ture for improved Earth system understanding: State-of-the art and future directions, Remote Sensing of Environment, 203, 185-215,
https://doi.org/https://doi.org/10.1016/j.rse.2017.07.001, 2017.

Ducharne, A., Golaz, C., Leblois, E., Laval, K., Polcher, J., Ledoux, E., and de Marsily, G.: Development of a high resolution
runoff routing model, calibration and application to assess runoff from the LMD GCM, Journal of Hydrology, 280, 207-228,
https://doi.org/https://doi.org/10.1016/S0022-1694(03)00230-0, 2003.

Ducoudré, N. I., Laval, K., and Perrier, A.: SECHIBA, a New Set of Parameterizations of the Hydrologic Exchanges at
the Land-Atmosphere Interface within the LMD Atmospheric General Circulation Model, Journal of Climate, 6, 248-273,
https://doi.org/https://doi.org/10.1175/1520-0442(1993)006<0248:SANSOP>2.0.CO;2, 1993.

Duethmann, D., Bloschl, G., and Parajka, J.: Why does a conceptual hydrological model fail to correctly predict discharge changes in
response to climate change?, Hydrology and Earth System Sciences, 24, 3493-3511, https://doi.org/10.5194/hess-24-3493-2020, 2020.
Dufresne, J. L., Foujols, M. A., Denvil, S., Caubel, A., Marti, O., Aumont, O., Balkanski, Y., Bekki, S., Bellenger, H., Benshila, R., Bony,
S., Bopp, L., Braconnot, P., Brockmann, P., Cadule, P., Cheruy, F., Codron, F., Cozic, A., Cugnet, D., de Noblet, N., Duvel, J. P, Ethé, C.,
Fairhead, L., Fichefet, T., Flavoni, S., Friedlingstein, P., Grandpeix, J. Y., Guez, L., Guilyardi, E., Hauglustaine, D., Hourdin, F., Idelkadi,
A., Ghattas, J., Joussaume, S., Kageyama, M., Krinner, G., Labetoulle, S., Lahellec, A., Lefebvre, M. P,, Lefevre, F.,, Levy, C., Li, Z. X.,
Lloyd, J., Lott, F., Madec, G., Mancip, M., Marchand, M., Masson, S., Meurdesoif, Y., Mignot, J., Musat, 1., Parouty, S., Polcher, J., Rio,
C., Schulz, M., Swingedouw, D., Szopa, S., Talandier, C., Terray, P., Viovy, N., and Vuichard, N.: Climate change projections using the

44



545

550

555

560

565

570

575

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U h
© Author(s) 2024. CC BY 4.0 License. spnere

IPSL-CMS Earth System Model: from CMIP3 to CMIPS5, Climate Dynamics, 40, 2123-2165, https://doi.org/10.1007/s00382-012-1636-1,
2013.

Eilander, D., van Verseveld, W., Yamazaki, D., Weerts, A., Winsemius, H. C., and Ward, P. J.: A hydrography upscaling method
for scale-invariant parametrization of distributed hydrological models, Hydrology and Earth System Sciences, 25, 5287-5313,
https://doi.org/10.5194/hess-25-5287-2021, 2021.

Fisher, R. A. and Koven, C. D.: Perspectives on the Future of Land Surface Models and the Challenges of Representing Complex Terrestrial
Systems, Journal of Advances in Modeling Earth Systems, 12, e2018MS001 453, https://doi.org/https://doi.org/10.1029/2018MS001453,
2020.

Flipo, N., Labadie, P., Lestel, L., Meybeck, M., and Garnier, J.: The Seine River Basin, Springer Cham, https://doi.org/10.1007/978-3-030-
54260-3, 2020.

Fowler, K., Knoben, W., Peel, M., Peterson, T., Ryu, D., Saft, M., Seo, K.-W., and Western, A.: Many commonly used rainfall-
runoff models lack long, slow dynamics: Implications for runoff projections, Water Resources Research, 56, e2019WR025 286,
https://doi.org/https://doi.org/10.1029/2019WR025286, 2020.

Francois, B., Hingray, B., Hendrickx, F., and Creutin, J. D.: Seasonal patterns of water storage as signatures of the climatological equilibrium
between resource and demand, Hydrology and Earth System Sciences, 18, 3787-3800, https://doi.org/10.5194/hess-18-3787-2014, 2014.

Garcfa-Ruiz, J. M., Lépez-Moreno, J. 1., Vicente-Serrano, S. M., Lasanta—Martinez, T., and Begueria, S.: Mediterranean water resources in
a global change scenario, Earth-Science Reviews, 105, 121-139, https://doi.org/https://doi.org/10.1016/j.earscirev.2011.01.006, 2011.

Gascoin, S., Ducharne, A., Ribstein, P., Carli, M., and Habets, F.. Adaptation of a catchment-based land surface
model to the hydrogeological setting of the Somme River basin (France), Journal of Hydrology, 368, 105-116,
https://doi.org/https://doi.org/10.1016/j.jhydrol.2009.01.039, 2009.

Gelati, E., Decharme, B., Calvet, J.-C., Minvielle, M., Polcher, J., Fairbairn, D., and Weedon, G. P.: Hydrological assessment of atmospheric
forcing uncertainty in the Euro-Mediterranean area using a land surface model, Hydrology and Earth System Sciences, 22, 2091-2115,
https://doi.org/10.5194/hess-22-2091-2018, 2018.

Gou, J., Miao, C., Duan, Q., Tang, Q., Di, Z., Liao, W., Wu, J., and Zhou, R.: Sensitivity Analysis-Based Automatic Param-
eter Calibration of the VIC Model for Streamflow Simulations Over China, Water Resources Research, 56, e2019WR025 968,
https://doi.org/https://doi.org/10.1029/2019WR025968, 2020.

Greve, P., Burek, P., Guillaumot, L., van Meijgaard, E., Aalbers, E., Smilovic, M. M., Sperna-Weiland, F., Kahil, T., and Wada, Y.: Low
flow sensitivity to water withdrawals in Central and Southwestern Europe under 2 K global warming, Environmental Research Letters,
18, 094 020, https://doi.org/10.1088/1748-9326/acec60, 2023.

Gudmundsson, L., Seneviratne, S., and Zhang, X.: Anthropogenic climate change detected in European renewable freshwater resources,
Nature Climate Change, 7, 813-816, https://doi.org/10.1038/nclimate3416, 2017.

Habets, F., Boone, A., Champeaux, J. L., Etchevers, P., Franchistéguy, L., Leblois, E., Ledoux, E., Le Moigne, P., Martin, E., Morel, S.,
Noilhan, J., Quintana Segui, P., Rousset-Regimbeau, F., and Viennot, P.: The SAFRAN-ISBA-MODCOU hydrometeorological model
applied over France, Journal of Geophysical Research: Atmospheres, 113, https://doi.org/https://doi.org/10.1029/2007JD008548, 2008.

Hall, D. K., Riggs, G. A., Salomonson, V. V., DiGirolamo, N. E., and Bayr, K. J.: MODIS snow-cover products, Remote Sensing of Envi-
ronment, 83, 181-194, https://doi.org/https://doi.org/10.1016/S0034-4257(02)00095-0, 2002.

45



580

585

590

595

600

605

610

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

Harper, K. L., Lamarche, C., Hartley, A., Peylin, P, Ottlé, C., Bastrikov, V., San Martin, R., Bohnenstengel, S. L., Kirches, G., Boettcher, M.,
Shevchuk, R., Brockmann, C., and Defourny, P.: A 29-year time series of annual 300 m resolution plant-functional-type maps for climate
models, Earth System Science Data, 15, 1465-1499, https://doi.org/10.5194/essd-15-1465-2023, 2023.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Hordnyi, A., Mufioz-Sabater, J., Nicolas, J., Peubey, C., Radu, R., Schepers, D., Sim-
mons, A., Soci, C., Abdalla, S., Abellan, X., Balsamo, G., Bechtold, P., Biavati, G., Bidlot, J., Bonavita, M., De Chiara, G., Dahlgren,
P, Dee, D., Diamantakis, M., Dragani, R., Flemming, J., Forbes, R., Fuentes, M., Geer, A., Haimberger, L., Healy, S., Hogan, R. J.,
Hoélm, E., Janiskovd, M., Keeley, S., Laloyaux, P., Lopez, P., Lupu, C., Radnoti, G., de Rosnay, P., Rozum, I., Vamborg, F., Vil-
laume, S., and Thépaut, J.-N.: The ERAS global reanalysis, Quarterly Journal of the Royal Meteorological Society, 146, 1999-2049,
https://doi.org/https://doi.org/10.1002/qj.3803, 2020.

Huang, P., Sauquet, E., Vidal, J.-P., and Riba, N. D.: Vulnerability of water resource management to climate change: Application to a Pyrenean
valley, Journal of Hydrology: Regional Studies, 44, 101 241, https://doi.org/https://doi.org/10.1016/j.ejrh.2022.101241, 2022.

Hurtt, G. C., Chini, L., Sahajpal, R., Frolking, S., Bodirsky, B. L., Calvin, K., Doelman, J. C., Fisk, J., Fujimori, S., Klein Goldewijk, K.,
Hasegawa, T., Havlik, P, Heinimann, A., Humpendoder, F., Jungclaus, J., Kaplan, J. O., Kennedy, J., Krisztin, T., Lawrence, D., Lawrence,
P, Ma, L., Mertz, O., Pongratz, J., Popp, A., Poulter, B., Riahi, K., Shevliakova, E., Stehfest, E., Thornton, P., Tubiello, F. N., van
Vuuren, D. P.,, and Zhang, X.: Harmonization of global land use change and management for the period 850-2100 (LUH2) for CMIP®6,
Geoscientific Model Development, 13, 5425-5464, https://doi.org/10.5194/gmd-13-5425-2020, 2020.

IPCC: Climate Change 2021 — The Physical Science Basis: Working Group I Contribution to the Sixth Assessment Report of the Intergov-
ernmental Panel on Climate Change, Cambridge University Press, https://doi.org/10.1017/9781009157896, 2023.

Jacob, D., Petersen, J., Eggert, B., Alias, A., Christensen, O., Bouwer, L., Braun, A., Colette, A., Déqué, M., Georgievski, G., Geor-
gopoulou, E., Gobiet, A., Menut, L., Nikulin, G., Haensler, A., Hempelmann, N., Jones, C., Keuler, K., Kovats, S., and Yiou, P.. EURO-
CORDEX: New high-resolution climate change projections for European impact research, Regional Environmental Change, 14, 563-578,
https://doi.org/10.1007/s10113-013-0499-2, 2014.

Janin, J.-L.: L’irrigation en France depuis 1988, La Houille Blanche, 82, 27-34, https://doi.org/10.1051/Ihb/1996083, 1996.

Jiang, L., Wu, H., Tao, J., Kimball, J. S., Alfieri, L., and Chen, X.: Satellite-Based Evapotranspiration in Hydrological Model Calibration,
Remote Sensing, 12, https://doi.org/10.3390/rs12030428, 2020.

Jiao, Y., Lei, H., Yang, D., Huang, M., Liu, D., and Yuan, X.: Impact of vegetation dynamics on hydrological pro-
cesses in a semi-arid basin by using a land surface-hydrology coupled model, Journal of Hydrology, 551, 116-131,
https://doi.org/https://doi.org/10.1016/j.jhydrol.2017.05.060, 2017.

Jung, M., Koirala, S., Weber, U., Ichii, K., Gans, F., Camps-Valls, G., Papale, D., Schwalm, C., Tramontana, G., and Reichstein, M.: The
FLUXCOM ensemble of global land-atmosphere energy fluxes, Scientific Data, 6, 74, https://doi.org/10.1038/s41597-019-0076-8, 2019.

Kabir, T., Pokhrel, Y., and Felfelani, F.: On the Precipitation-Induced Uncertainties in Process-Based Hydrological Modeling in the Mekong
River Basin, Water Resources Research, 58, €2021WRO030 828, https://doi.org/https://doi.org/10.1029/2021 WR030828, 2022.

Kendall, M. G.: Rank correlation methods., Griffin, 1948.

Kilic, D., Riviere, A., Gallois, N., Ducharne, A., Wang, S., Peylin, P., and Flipo, N.: Assessing water and energy fluxes in a regional
hydrosystem: case study of the Seine basin, Comptes Rendus. Géoscience, pp. 1-21, https://doi.org/10.5802/crgeos.165, 2023.

Kling, H., Fuchs, M., and Paulin, M.: Runoff conditions in the upper Danube basin under an ensemble of climate change scenarios, Journal

of Hydrology, 424-425, 264-277, hitps://doi.org/10.1016/j jhydrol.2012.01.011, 2012.

46



615

620

625

630

635

640

645

650

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

Krinner, G., Viovy, N., de Noblet-Ducoudré, N., Ogée, J., Polcher, J., Friedlingstein, P., Ciais, P., Sitch, S., and Prentice, I. C.:
A dynamic global vegetation model for studies of the coupled atmosphere-biosphere system, Global Biogeochemical Cycles, 19,
https://doi.org/https://doi.org/10.1029/2003GB 002199, 2005.

Le Moigne, P., Besson, F., Martin, E., Boé, J., Boone, A., Decharme, B., Etchevers, P., Faroux, S., Habets, F., Lafaysse, M., Leroux, D., and
Rousset-Regimbeau, F.: The latest improvements with SURFEX v8.0 of the Safran—Isba-Modcou hydrometeorological model for France,
Geoscientific Model Development, 13, 3925-3946, https://doi.org/10.5194/gmd-13-3925-2020, 2020.

Ledoux, E., Girard, G., de Marsily, G., Villeneuve, J. P., and Deschenes, J.: Spatially Distributed Modeling: Conceptual Approach, Coupling
Surface Water And Groundwater, pp. 435-454, Springer Netherlands, Dordrecht, https://doi.org/10.1007/978-94-009-2352-2_16, 1989.

Leleu, 1., Tonnelier, 1., Puechberty, R., Gouin, P., Viquendi, I., Cobos, L., Foray, A., Baillon, M., and Ndima, P.-O.: La refonte du sys-
teme d’information national pour la gestion et la mise a disposition des données hydrométriques, La Houille Blanche, pp. 25-32,
https://doi.org/10.1051/1hb/2014004, 2014.

Loon, A. F. V., Rangecroft, S., Coxon, G., Werner, M., Wanders, N., Baldassarre, G. D., Tijdeman, E., Bosman, M., Gleeson, T., Nauditt,
A., Aghakouchak, A., Brefia-Naranjo, J. A., Cenobio-Cruz, O., Costa, A. C., Fendekova, M., Jewitt, G., Kingston, D. G., Loft, J., Mager,
S. M., Mallakpour, 1., Masih, 1., Maureira-Cortés, H., Toth, E., Oel, P. V., Ogtrop, F. V., Verbist, K., Vidal, J.-P., Wen, L., Yu, M., Yuan,
X.,Zhang, M., and Lanen, H. A. J. V.: Streamflow droughts aggravated by human activities despite management, Environmental Research
Letters, 17, 044 059, https://doi.org/10.1088/1748-9326/ac5def, 2022.

Lépez Lépez, P, Sutanudjaja, E. H., Schellekens, J., Sterk, G., and Bierkens, M. F. P.: Calibration of a large-scale hydrological
model using satellite-based soil moisture and evapotranspiration products, Hydrology and Earth System Sciences, 21, 3125-3144,
https://doi.org/10.5194/hess-21-3125-2017, 2017.

Lurton, T., Balkanski, Y., Bastrikov, V., Bekki, S., Bopp, L., Braconnot, P., Brockmann, P., Cadule, P., Contoux, C., Cozic, A., Cugnet,
D., Dufresne, J.-L., Ethé, C., Foujols, M.-A., Ghattas, J., Hauglustaine, D., Hu, R.-M., Kageyama, M., Khodri, M., Lebas, N., Lev-
avasseur, G., Marchand, M., Ottlé, C., Peylin, P., Sima, A., Szopa, S., Thiéblemont, R., Vuichard, N., and Boucher, O.: Implementation
of the CMIP6 Forcing Data in the IPSL-CM6A-LR Model, Journal of Advances in Modeling Earth Systems, 12, ¢€2019MS001 940,
https://doi.org/https://doi.org/10.1029/2019MS001940, 2020.

Mann, H. B.: Nonparametric tests against trend, Econometrica: Journal of the econometric society, pp. 245-259, 1945.

Mardhel, V., Pinson, S., and Allier, D.: Description of an indirect method (IDPR) to determine spatial distribution of in-
filtration and runoff and its hydrogeological applications to the French territory, Journal of Hydrology, 592, 125609,
https://doi.org/https://doi.org/10.1016/j.jhydrol.2020.125609, 2021.

Martens, B., Miralles, D. G., Lievens, H., van der Schalie, R., de Jeu, R. A. M., Ferndndez-Prieto, D., Beck, H. E., Dorigo, W. A., and
Verhoest, N. E. C.: GLEAM v3: satellite-based land evaporation and
root-zone soil moisture, Geoscientific Model Development, 10, 1903-1925, https://doi.org/10.5194/gmd-10-1903-2017, 2017.

McMillan, H. K. A review of hydrologic signatures and their applications, WIREs Water, 8, 1499,
https://doi.org/https://doi.org/10.1002/wat2.1499, 2021.

Milly, P. C. D., Betancourt, J., Falkenmark, M., Hirsch, R. M., Kundzewicz, Z. W., Lettenmaier, D. P., and Stouffer, R. J.: Stationarity Is
Dead: Whither Water Management?, Science, 319, 573-574, https://doi.org/10.1126/science.1151915, 2008.

Miiller, J., Paudel, R., Shoemaker, C. A., Woodbury, J., Wang, Y., and Mahowald, N.: CH4 parameter estimation in CLM4.5bgc using
surrogate global optimization, Geoscientific Model Development, 8, 3285-3310, https://doi.org/10.5194/gmd-8-3285-2015, 2015.

47



655

660

665

670

675

680

685

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U h
© Author(s) 2024. CC BY 4.0 License. spnere

Nash, J. and Sutcliffe, J.: River flow forecasting through conceptual models part I — A discussion of principles, Journal of Hydrology, 10,
282-290, https://doi.org/https://doi.org/10.1016/0022-1694(70)90255-6, 1970.

Nguyen-Quang, T., Polcher, J., Ducharne, A., Arsouze, T., Zhou, X., Schneider, A., and Fita, L.: ORCHIDEE-ROUTING: revis-
ing the river routing scheme using a high-resolution hydrological database, Geoscientific Model Development, 11, 4965-4985,
https://doi.org/10.5194/gmd-11-4965-2018, 2018.

OKki, T. and Sud, Y. C.: Design of Total Runoff Integrating Pathways (TRIP)—A Global River Channel Network, Earth Interactions, 2, 1-37,
https://doi.org/https://doi.org/10.1175/1087-3562(1998)002<0001:DOTRIP>2.3.C0O;2, 1998.

OKki, T., Nishimura, T., and Dirmeyer, P.: Assessment of Annual Runoff from Land Surface Models Using Total Runoff Integrating Pathways
(TRIP), Journal of the Meteorological Society of Japan. Ser. II, 77, 235-255, https://doi.org/10.2151/jmsj1965.77.1B_235, 1999.

Pokhrel, Y., Felfelani, F., Satoh, Y., Boulange, J., Burek, P., Géddeke, A., Gerten, D., Gosling, S., Grillakis, M., Gudmundsson, L., Hanasaki,
N., Kim, H., Koutroulis, A., Liu, J., Papadimitriou, L., Schewe, J., Miiller Schmied, H., Stacke, T., Telteu, C.-E., and Wada, Y.: Global
terrestrial water storage and drought severity under climate change, Nature Climate Change, 11, 1-8, https://doi.org/10.1038/s41558-020-
00972-w, 2021.

Polcher, J., Schrapfter, A., Dupont, E., Rinchiuso, L., Zhou, X., Boucher, O., Mouche, E., Ottlé, C., and Servonnat, J.: Hydrological modelling
on atmospheric grids: using graphs of sub-grid elements to transport energy and water, Geoscientific Model Development, 16, 2583-2606,
https://doi.org/10.5194/gmd-16-2583-2023, 2023.

Prentice, I. C., Liang, X., Medlyn, B. E., and Wang, Y.-P.: Reliable, robust and realistic: the three R’s of next-generation land-surface
modelling, Atmospheric Chemistry and Physics, 15, 5987-6005, https://doi.org/10.5194/acp-15-5987-2015, 2015.

Priestley, C. H. B. and Taylor, R. J.: On the Assessment of Surface Heat Flux and Evaporation Using Large-Scale Parameters, Monthly
Weather Review, 100, 81 — 92, https://doi.org/https://doi.org/10.1175/1520-0493(1972)100<0081: OTAOSH>2.3.CO;2, 1972.

Quintana Segui, P., Martin, E., Habets, F., and Noilhan, J.: Improvement, calibration and validation of a distributed hydrological model over
France, Hydrology and Earth System Sciences, 13, 163-181, https://doi.org/10.5194/hess-13-163-2009, 2009.

Rajib, A., Evenson, G. R., Golden, H. E., and Lane, C. R.: Hydrologic model predictability improves with spatially ex-
plicit calibration using remotely sensed evapotranspiration and biophysical parameters, Journal of Hydrology, 567, 668-683,
https://doi.org/https://doi.org/10.1016/j.jhydrol.2018.10.024, 2018a.

Rajib, A., Merwade, V., and Yu, Z.: Rationale and Efficacy of Assimilating Remotely Sensed Potential Evapotranspiration for Reduced
Uncertainty of Hydrologic Models, Water Resources Research, 54, 4615-4637, https://doi.org/https://doi.org/10.1029/2017WR021147,
2018b.

Reynolds, C. A., Jackson, T. J., and Rawls, W. J.: Estimating soil water-holding capacities by linking the Food and Agriculture Organization
Soil map of the world with global pedon databases and continuous pedotransfer functions, Water Resources Research, 36, 3653-3662,
https://doi.org/https://doi.org/10.1029/2000WR900130, 2000.

Ruiz-Vésquez, M., O, S., Arduini, G., Boussetta, S., Brenning, A., Bastos, A., Koirala, S., Balsamo, G., Reichstein, M., and Orth, R.:
Impact of Updating Vegetation Information on Land Surface Model Performance, Journal of Geophysical Research: Atmospheres, 128,
€2023JD039 076, https://doi.org/https://doi.org/10.1029/2023JD039076, 2023.

Rummler, T., Wagner, A., Arnault, J., and Kunstmann, H.: Lateral terrestrial water fluxes in the LSM of WRF-Hydro: Benefits of a 2D
groundwater representation, Hydrological Processes, 36, e14 510, https://doi.org/https://doi.org/10.1002/hyp.14510, 2022.

Santos, L., Thirel, G., and Perrin, C.: Technical note: Pitfalls in using log-transformed flows within the KGE criterion, Hydrology and Earth
System Sciences, 22, 4583—-4591, https://doi.org/10.5194/hess-22-4583-2018, 2018.

48



690

695

700

705

710

715

720

725

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U h
© Author(s) 2024. CC BY 4.0 License. spnere

Schaperow, J., Li, D., Margulis, S., and Lettenmaier, D.: A near-global, high resolution land surface parameter dataset for the variable
infiltration capacity model, Scientific Data, 8, 216, https://doi.org/10.1038/s41597-021-00999-4, 2021.

Schneider, A., Jost, A., Coulon, C., Silvestre, M., Théry, S., and Ducharne, A.: Global-scale river network extraction based on high-resolution
topography and constrained by lithology, climate, slope, and observed drainage density, Geophysical Research Letters, 44, 2773-2781,
https://doi.org/https://doi.org/10.1002/2016GL0O71844, 2017.

Schrapffer, A., Sorensson, A., Polcher, J., and Fita, L.: Benefits of representing floodplains in a Land Surface Model: Pantanal simulated with
ORCHIDEE CMIP6 version, Climate Dynamics, 55, 1303-1323, https://doi.org/10.1007/s00382-020-05324-0, 2020.

Sen, P. K.: Estimates of the Regression Coefficient Based on Kendall’s Tau, Journal of the American Statistical Association, 63, 1379-1389,
1968.

Song, J.-H., Her, Y., Park, J., and Kang, M.-S.: Exploring parsimonious daily rainfall-runoff model structure using the hyperbolic tangent
function and Tank model, Journal of Hydrology, 574, 574-587, https://doi.org/https://doi.org/10.1016/j.jhydrol.2019.04.054, 2019.

Su, Z.: The Surface Energy Balance System (SEBS) for estimation of turbulent heat fluxes, Hydrology and Earth System Sciences, 6, 85-100,
https://doi.org/10.5194/hess-6-85-2002, 2002.

Su, Z., Schmugge, T., Kustas, W. P., and Massman, W. J.: An Evaluation of Two Models for Estimation of the Roughness
Height for Heat Transfer between the Land Surface and the Atmosphere, Journal of Applied Meteorology, 40, 1933-1951,
https://doi.org/https://doi.org/10.1175/1520-0450(2001)040<1933: AEOTMF>2.0.CO;2, 2001.

Sun, R., Herndndez, F,, Liang, X., and Yuan, H.: A Calibration Framework for High-Resolution Hydrological Models Using a Multiresolution
and Heterogeneous Strategy, Water Resources Research, 56, e2019WR026 541, https://doi.org/https://doi.org/10.1029/2019WR026541,
2020.

Sutanudjaja, E. H., van Beek, L. P. H., de Jong, S. M., van Geer, F. C., and Bierkens, M. F. P.: Calibrating a large-extent high-
resolution coupled groundwater-land surface model using soil moisture and discharge data, Water Resources Research, 50, 687-705,
https://doi.org/https://doi.org/10.1002/2013WR013807, 2014.

Tafasca, S., Ducharne, A., and Valentin, C.: Weak sensitivity of the terrestrial water budget to global soil texture maps in the ORCHIDEE
land surface model, Hydrology and Earth System Sciences, 24, 3753-3774, https://doi.org/10.5194/hess-24-3753-2020, 2020.

Telteu, C.-E., Miiller Schmied, H., Thiery, W., Leng, G., Burek, P., Liu, X., Boulange, J. E. S., Andersen, L. S., Grillakis, M., Gosling, S. N.,
Satoh, Y., Rakovec, O., Stacke, T., Chang, J., Wanders, N., Shah, H. L., Trautmann, T., Mao, G., Hanasaki, N., Koutroulis, A., Pokhrel, Y.,
Samaniego, L., Wada, Y., Mishra, V., Liu, J., Doll, P., Zhao, F., Gédeke, A., Rabin, S. S., and Herz, F.: Understanding each other’s models:
an introduction and a standard representation of 16 global water models to support intercomparison, improvement, and communication,
Geoscientific Model Development, 14, 3843-3878, https://doi.org/10.5194/gmd-14-3843-2021, 2021.

Todorovié, A., Grabs, T., and Teutschbein, C.: Advancing traditional strategies for testing hydrological model fitness in a changing climate,
Hydrological Sciences Journal, 67, 1790-1811, https://doi.org/10.1080/02626667.2022.2104646, 2022.

Troy, T. J., Wood, E. F,, and Sheffield, J.: An efficient calibration method for continental-scale land surface modeling, Water Resources
Research, 44, https://doi.org/https://doi.org/10.1029/2007WR006513, 2008.

Vergnes, J.-P. and Decharme, B.: A simple groundwater scheme in the TRIP river routing model: global off-line evaluation against
GRACE terrestrial water storage estimates and observed river discharges, Hydrology and Earth System Sciences, 16, 3889-3908,
https://doi.org/10.5194/hess-16-3889-2012, 2012.

Vicente-Serrano, S. M., Pefia-Gallardo, M., Hannaford, J., Murphy, C., Lorenzo-Lacruz, J., Dominguez-Castro, F., Lépez-
Moreno, J. 1., Begueria, S., Noguera, I., Harrigan, S., and Vidal, J.-P.: Climate, Irrigation, and Land Cover Change Ex-

49



730

735

740

745

750

https://doi.org/10.5194/egusphere-2024-445
Preprint. Discussion started: 25 March 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

plain Streamflow Trends in Countries Bordering the Northeast Atlantic, Geophysical Research Letters, 46, 10821-10833,
https://doi.org/https://doi.org/10.1029/2019GL084084, 2019.

Vidal, J.-P., Martin, E., Franchistéguy, L., Baillon, M., and Soubeyroux, J.-M.: A 50-year high-resolution atmospheric reanalysis over France
with the Safran system, International Journal of Climatology, 30, 1627—-1644, https://doi.org/10.1002/joc.2003, 2010a.

Vidal, J.-P., Martin, E., Franchistéguy, L., Habets, F., Soubeyroux, J.-M., Blanchard, M., and Baillon, M.: Multilevel and multiscale drought
reanalysis over France with the Safran-Isba-Modcou hydrometeorological suite, Hydrology and Earth System Sciences, 14, 459-478,
https://doi.org/10.5194/hess-14-459-2010, 2010b.

Wang, T., Ottlé, C., Boone, A., Ciais, P., Brun, E., Morin, S., Krinner, G., Piao, S., and Peng, S.: Evaluation of an improved intermedi-
ate complexity snow scheme in the ORCHIDEE land surface model, Journal of Geophysical Research: Atmospheres, 118, 6064-6079,
https://doi.org/https://doi.org/10.1002/jgrd.50395, 2013.

Yamazaki, D., lkeshima, D., Sosa, J., Bates, P. D., Allen, G. H., and Pavelsky, T. M.. MERIT Hydro: A High-
Resolution Global Hydrography Map Based on Latest Topography Dataset, Water Resources Research, 55, 5053-5073,
https://doi.org/https://doi.org/10.1029/2019WR024873, 2019.

Yang, K., Zhu, L., Chen, Y., Zhao, L., Qin, J., Lu, H., Tang, W., Han, M., Ding, B., and Fang, N.: Land surface model cal-
ibration through microwave data assimilation for improving soil moisture simulations, Journal of Hydrology, 533, 266-276,
https://doi.org/https://doi.org/10.1016/j.jhydrol.2015.12.018, 2016.

Yang, Y., Guan, K., Peng, B., Pan, M., Jiang, C., and Franz, T. E.:. High-resolution spatially explicit land surface
model calibration using field-scale satellite-based daily evapotranspiration product, Journal of Hydrology, 596, 125730,
https://doi.org/https://doi.org/10.1016/j.jhydrol.2020.125730, 2021.

Zeng, R. and Cai, X.: Hydrologic Observation, Model, and Theory Congruence on Evapotranspiration Variance: Diagnosis of Multiple Ob-
servations and Land Surface Models, Water Resources Research, 54, 9074-9095, https://doi.org/https://doi.org/10.1029/2018WR022723,
2018.

Zhou, X., Polcher, J., and Dumas, P.: Representing Human Water Management in a Land Surface Model Using a Supply/Demand Approach,
Water Resources Research, 57, e2020WR028 133, https://doi.org/https://doi.org/10.1029/2020WR028133, 2021.

50



