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A B S T R A C T

We analyze the way temporal distributions of key components of the water cycle are influenced by typically 
uncertain parameters embedded in a Land Surface Model (LSM). The main objective of this study is to gain a 
clearer quantitative understanding of how uncertainty in model parameters affects land surface model outputs is 
critical for improving water balance assessment and supporting resource management. We explore the sensitivity 
of transpiration, evaporation, and groundwater recharge dynamics to uncertain parameters in the modular NIHM 
(Normally Integrated Hydrological Model) LSM. The latter is employed to simulate realistic field conditions (in 
terms of, e.g., climate, vegetation, and soil type) across a one-year period associated with two contrasting wa
tersheds in the Vosges region (France), differing in vegetation and soil characteristics. A key novelty of our work 
lies in the simultaneous application of multiple global sensitivity analysis metrics (including moment-based and 
moment-independent indices) to enable a richer and multi-faceted evaluation of how input uncertainty propa
gates to various statistical aspects (mean, variance, or full distribution) of model outputs. This multi-metric 
approach reveals temporal dynamics of parameter sensitivity, also depending on the model output (statistical) 
moment considered. Our results suggest that evaporation is primarily controlled by energy transfer through the 
canopy and drainage properties of the top litter layer. Transpiration drivers differ across sites, vegetation traits, 
albedo, and canopy radiation attenuation playing central roles. Groundwater recharge appears to be sensitive to 
only a limited subset of parameters, such as root zone drainage and rainfall interception. These types of insights 
are valuable in the context of future model calibration phases, as they enable one to prioritize parameters 
requiring detailed field characterization and to support simplification of model structures without hampering 
accuracy.

1. Introduction

Since the work of Manabe (1969), Land Surface Models (LSMs) have 
become critical tools for modeling energy balance, water cycle, vege
tation dynamics, and their feedbacks. They constitute one of the key 
routines employed in (a) General Circulation Models (GCMs) to evaluate 
the effects of climate change on the Earth surface as well as in (b) 
modeling workflows routinely used for water resources management. 
Over the past decades, numerous LSMs have been developed and 
adapted to a wide range of environmental settings, each reflecting 
different conceptualizations and parameterizations (e.g. Blyth et al., 
2021; Fisher and Koven, 2020; Overgaard et al., 2006; and references 
therein). These models are characterized by various levels of complexity 

and include, e.g., LSMs described in Decharme et al. (2011), Niu et al. 
(2011), Maneta and Silverman (2013), Lawrence et al. (2019), Wiltshire 
et al. (2019), or Yokohata et al. (2019). This diversity highlights the 
current gaps in our understanding of land surface processes related to 
energy and water dynamics.

A primary purpose of a LSM is to simulate exchanges of energy and 
water between the land surface, the underground, and the atmosphere. 
Due to the variety of processes that are mathematically rendered 
therein, LSMs embed numerous input parameters related to vegetation, 
energy transfer and water fluxes across the atmosphere and in the soil. 
Many of these parameters (e.g., soil attributes or vegetation character
istics) are difficult to quantify through direct measurements and may 
vary across scales and locations. These elements typically lead to 
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uncertainty in our knowledge of the values of such parameters (Beven 
and Smith, 2014). In case a target model output is not (or only mini
mally) affected by the particular values associated with certain param
eters, it may be appropriate to rely on typical literature values for these. 
It is then important to properly identify parameters that significantly 
impact model outputs and understand their role in driving model 
behaviour.

In this context, sensitivity analysis enables one to quantitatively rank 
the influence that diverse uncertain model parameters involved in the 
mathematical rendering of different processes might exert onto model 
results/outputs of interest. Thus, sensitivity analysis should be consid
ered as an integral and essential step in diagnosis, characterization, and 
understanding of complex models of hydrological systems (Ferretti 
et al., 2016; Song et al., 2015; Vemuri et al., 1969; Razavi et al., 2021). 
Sensitivity analyses can yield valuable information about LSMs devel
opment, potentially simplifying mathematical representations, and 
streamline LSMs calibration by omitting uninfluential parameters 
(McCuen, 1973).

Sensitivity analysis has been previously performed for LSMs in a 
variety of contexts and settings, with reference to diverse LSM output(s). 
Demarty et al. (2005) perform a sensitivity analysis of soil heat con
duction flux, sensible heat flux, latent heat flux, water content of the 
upper five soil centimetres and local directional brightness temperature 
considering 35 input parameters associated with the physically-based 
model SiSPAT-RS (Braud et al., 1995). Their findings indicate the 
saturated water content of the upper 5 cm of soil and the thermal 
infrared brightness temperature as the most influent model parameters. 
Liang and Guo (2003) compare the sensitivity of evapotranspiration, 
total runoff, sensible heat flux and soil moisture to 5 model parameters 
that appear in 10 different LSMs. Their results document that parameters 
associated with soil properties appear to play a more significant role 
than those associated with vegetation properties whereas the outputs of 
the diverse models considered exhibit the highest sensitivity to the 
maximum soil moisture content, considering three different hydro
climatic scenarios. Bastidas et al. (2006) assess parameter sensitivity of 5 
different LSMs with increasing level of complexity in the description of 
vegetation-related physical processes. These authors show that (i) the 
sensitivity of the energy budget component to parameters with similar 
physical meaning employed in the diverse LSMs analyzed depends on 
the specific LSM model and varies depending on the location of the 
system, and (ii) soil-related parameters could be considered as most 
influential. Based on the hydrologic model WetSpa (Wang et al., 1996), 
Yang et al. (2012) highlight a strong sensitivity of runoff flow rate of two 
water catchments to parameters involved in the description of the 
evapotranspiration process. Li et al. (2013) employ diverse sensitivity 
analysis methodologies to assess sensitivity of 6 model outputs of the 
LSM CoLM (Dai et al., 2003), i.e., sensible heat, latent heat, upward 
longwave radiation, net radiation, soil temperature, and soil moisture, 
with respect to 40 uncertain model parameters. Their results highlight 
that all model outputs are sensitive to the Clapp and Hornberger 
parameter (which is related to soil water retention; see Clapp and 
Hornberger, 1978). Otherwise, (i) aerodynamic roughness length 
markedly influences the sensible and latent heat fluxes (along with the 
upward longwave and net radiations and soil temperature) and (ii) soil 
porosity chiefly governs soil moisture. Li et al. (2013) suggest that latent 
heat flux (related to evapotranspiration) is also sensitive to quantum 
efficiency of vegetation photosynthesis and minimum soil suction. 
Baroni and Tarantola (2013) employ classical variance-based Sobol 
indices to rank the importance of model parameters and forcing terms 
involved in the simulation of the mean soil moisture of the root zone, the 
cumulative evaporation, and the water flux below the root zone upon 
leveraging on the SWAP model (van Dam et al., 2008). Their results 
suggest that uncertainty related to the crop parameters (i.e., crop height, 
root depth, and the Leaf Area Index (LAI)) does not have a significant 
effect on these three model outputs in the setting analysed. Maina and 
Siirila-Woodburn (2020) evidence a marked sensitivity of 

evapotranspiration to soil parameters across the vadose zone, transpi
ration being otherwise mostly controlled by saturated soil parameters. 
On the other hand, Tafasca et al. (2020) report a weak sensitivity to 
diverse spatial maps of soil types and properties in the context of their 
analysis of water budget at the global scale. Saqr et al. (2021) rely on 
sensitivity analysis to identify the key factors influencing a geographic 
information system-based multi-criteria decision analysis targeting the 
exploitation of groundwater in the Wadi El-Natrun basin (Egypt). Their 
result document the importance of the distance from the aquifer-feeding 
fault, the aquifer hydraulic conductivity and the land surface elevation 
in controlling over-exploitation of the groundwater resource. Sobol 
indices estimated through a surrogate model are also used by Maina 
et al. (2022) to highlight the significant impacts of hydrodynamic pa
rameters’ uncertainties on simulated evapotranspiration. These Authors 
show that, under energy limited conditions and where plants have ac
cess to groundwater, uncertainty on evapotranspiration is related to 
uncertainties in saturated hydraulic conductivities. Under water limited 
conditions, the parameters that contribute to evaporation uncertainty 
are those related to unsaturated flow conditions.

The above-mentioned studies represent only a subset of the extensive 
literature on diagnosis of LSMs through sensitivity analyses. Neverthe
less, they consistently highlight that the importance of model parame
ters may vary depending on several factors. These include the specific 
model output of interest, the processes embedded in the employed LSM, 
the prevailing hydroclimatic conditions, and possibly the selected 
sensitivity analysis methodology and ensuing metrics. Thus, additional 
investigations are required to fill this fundamental knowledge gap and 
enhance our ability to fully diagnose and understand the way complex 
LSMs function. In this sense, it is important to assess the sensitivity of 
various hydrological outputs to diverse model parameters under varying 
conditions (such as, e.g., vegetation types or seasonal settings) while 
applying multiple sensitivity analysis approaches to strengthen the 
reliability of results and our confidence in interpreting these.

In this context, this work aims at providing a comprehensive sensi
tivity analysis across spatial and temporal locations within a hydrolog
ical system to highlight the most relevant model parameters and the 
corresponding processes that need to be considered in a LSM. Here, we 
rely on a modular LSM developed at the Institut Terre et Environment de 
Strasbourg (ITES − Strasbourg Earth and Environment Institute) to 
simulate key components of the water cycle and to assess their sensi
tivity with respect to diverse model parameters that are typically 
affected by uncertainty. As target outputs, we consider actual evapora
tion, actual transpiration and groundwater recharge. Our study is 
anchored on field conditions (in terms of, e.g., climate, vegetation, and 
soil type) associated with two watersheds in the Vosges region (France) 
and documented across a one-year period. Runoff is not considered in 
this work, since its contribution to the water balance is documented to 
be negligible under our meteorological and field conditions (i.e., rain of 
low intensity, permeable soil mainly covered by forests). We set our 
sensitivity analysis study in an ab initio context. In this sense, uncertainty 
in the LSM parameters is linked a to our a priori (e.g., derived from prior 
experience and/or literature information) knowledge of the two wa
tersheds properties and conditions. We emphasize that an ab initio 
sensitivity analysis strategy of the kind we pursue is primarily aimed at 
enhancing our knowledge of model dynamics by (i) identifying unin
fluential parameters and (ii) identifying spatial and temporal intervals 
across which there is high sensitivity. Furthermore, to enrich our 
investigation of LSM dynamics, our detailed sensitivity analysis con
siders four diverse sensitivity indices: (i) the distribution-based Borgo
novo index (Borgonovo, 2007); (ii) the variance-based Sobol indices 
(Sobol, 2001); and (iii) the moment-based AMAE and AMAV indices 
(Dell’Oca et al., 2017). The relevance of relying on various sensitivity 
analysis, each providing a unique contribution to enriching our under
standing of system behavior, is underlined in several studies (e.g., Li 
et al., 2013, Maina and Guadagnini, 2018; Bianchi Janetti et al., 2019; 
Ju et al., 2021; Sandoval et al., 2022; and references therein). Thus, our 
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study contributes to the growing body of research focused on diagnosis 
and understanding of LSM behavior upon offering a comprehensive 
assessment grounded on synergistic integration of multiple sensitivity 
analysis methods applied across varying spatial and temporal scales 
within a hydrological system. This framework enhances the robustness 
of results (such as identifying the most influential parameters) and at the 
same time provides new insights into the functioning of LSMs under 
diverse environmental conditions.

Importance of model parameters is identified through a global 
sensitivity analysis in an ab initio context, i.e., the degree of uncertainty 
assigned to the vegetation and soil model parameters is grounded on a 
priori qualitative knowledge (e.g., prior experience, literature data) 
associated with the investigated sites and hydrological settings. We note 
that our study is not tailored to evaluating parameter uncertainty based 
on a model calibration procedure against experimental data associated 
with the modeled system (e.g., measured transpiration fluxes) and the 
way such (constrained) uncertainty propagates onto model outputs.

The methodological aspects associated with the LSM development 
and implementation, the definition of the various sensitivity indices, and 
the description of the hydrological settings associated with the catch
ments are presented in Section 2. Modeling results and the ensuing 
sensitivity analyses are illustrated in Section 3, while conclusions are 
drawn in Section 4.

2. Methodology

2.1. NIHM modular land surface model

NIHM Modular Land Surface model (NIHM-MLSM) is a companion of 
the hydrological model NIHM (Normally Integrated Hydrological Model 
− see Pan et al. (2015) and Jeannot et al. (2018)). NIHM-MLSM is a one- 
dimensional (along the vertical) model designed to compute on an 
hourly basis (i) the energy balance at the soil and vegetation level, as 
well as (ii) the water balance from the top of the vegetation layer to the 
groundwater table. Diverse mathematical formulations for processes 
such as transpiration, evaporation, and snow melt can be selected in 
conjunction with a modular structure on the basis of the observation that 
(a) application of a unique model formulation across different soil and 
vegetation types is questionable (Hogue et al., 2006) and (b) this allows 
adaptation to system complexity (Fisher and Koven, 2020).

Details of NIHM-MLSM are provided in the supplementary material. 
Here, we recall only the main mathematical formulations, assumptions, 
and parametrization.

2.1.1. Energy balance
The model concepts draw from the theory of Shuttleworth and 

Wallace (1985) for sparse-crop evaporation. Similar concepts have been 
used by, e.g., Braud et al. (1995) and Boulet et al. (2015).

The system consists of two surfaces, i.e., the cover and the ground 
below cover.

The energy balance at the ground surface is given by: 

Rg
n = Hg + ρwλEg +G+ ρwλf QSm (1) 

At the cover surface, it reads: 

Rc
n = Hc + ρwλEc (2) 

The continuity of the sensible and latent heat fluxes is added to the two 
balance equations: 
{

H = Hg + Hc
ρwλE = ρwλEg + ρwλEc

(3) 

Here, Rg
n and Rc

n correspond to the net radiation reaching the ground and 
cover surfaces (W/m2), respectively; Hg and Hc denote surface sensible 
heat flux at the ground and cover surface (W/m2), respectively; and 

ρwλEg and ρwλEc denote the soil and cover surface latent heat flux (W/ 
m2), respectively.

Main assumptions related to the formulation of the energy balance 
comprise the following: 

- steady-state is considered, upon assuming that vegetation and soil 
layers have negligible heat capacity;

- conductive heat fluxes are expressed on the basis of a resistance 
analogy, similar to Ohm’s law;

- the amount of energy absorbed by the vegetation and received by the 
ground are estimated by assuming a Beer-Lambert transmission 
reflectivity through the vegetation (Deardorff, 1978; Taconet et al., 
1986) and depend on the leaf area index (LAI) and an attenuation 
coefficient;

- transpiration takes place only in the canopy; stomatal conductance is 
evaluated using a Jarvis-type multiplicative model (Cox et al., 1998; 
Jarvis, 1976) and is affected by the environmental factors embedded 
in the efficiency functions (solar radiation, air temperature, vapor 
pressure deficit); the LAI is used to scale stomatal conductance to 
canopy conductance;

- water intercepted by the canopy is assumed to evaporate with 
negligible impact on energy balance (Kergoat, 1998);

- the soil heat flux is approximated as proportional to the net radiation 
(Clothier et al., 1986; Choudhury and Monteith, 1988; Kustas and 
Daughtry, 1990).

The numerical strategy used to solve the four equations listed above 
is detailed in the supplementary material.

2.1.2. Water flow and balance
Water balance is formulated for three diverse compartments, i.e., the 

canopy, the snow cover, and the soil. Key concepts associated with the 
water balance model for the canopy are: (i) water from precipitation is 
partly stored in the canopy, whose storage capacity is limited to a 
maximum value; (ii) the intercepted water is subject to evaporation and 
does not contribute to throughfall (i.e., the process according to which 
excess water leaves wet leaves to reach the ground surface); (iii) surface 
runoff is neglected, thus assuming that the rate at which water reaches 
the ground does not exceed soil infiltration capacity (as a result, no 
significant ponding and/or runoff take place).

The snow model is adapted from the snow module of the HBV hy
drological model (Seibert and Bergström, 2022; Seibert and Vis, 2012). 
It consists in splitting precipitation (after interception) in either snow, 
rain, or both. A conceptual model based on snowpack temperature is 
used to estimate snowmelt fluxes (Neitsch et al., 2002).

Flow in the unsaturated zone is described by introducing three types 
of reservoirs (or layers): (i) the litter, corresponding to the layer in 
contact with the atmosphere and where only evaporation takes place; 
(ii) the root zone, which is colonized by plant roots and supplies water 
for transpiration; and (iii) a set of sequential reservoirs to mimic vertical 
water movement below the root zone down to the groundwater table. 
Each reservoir is defined through a given water content at saturation, 
the water content at wilting point (which is also considered as the re
sidual water content), and water content at field capacity.

Water from throughfall and melted snow infiltrates in the litter layer. 
Evaporation (as computed by energy balance at the soil surface) occurs 
only in this layer, and the amount of evaporated water is linearly related 
to water content. Water drained from the litter layer enters the root 
layer. Transpiration (estimated with the energy balance for the canopy) 
takes place only in this layer, and its amount is adapted according to the 
available water therein. Drainage from the different layers is estimated 
in two ways: (i) the water volume above the layer field capacity is 
drained immediately to the next layer, to represent water movement due 
to gravity; and (ii) when water content lies between the field capacity 
and the wilting point (i.e., residual water content), drainage is computed 
as an exponential function of the available water amount.
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2.2. Global sensitivity analysis

A critical step in diagnosing and understanding the functioning of a 
model involves quantifying the relevance that different uncertain model 
parameters exert on model results of interest. This allows identifying 
(possible) influential and non-influential parameter sets. These are here 
assessed through global sensitivity analysis. In broad terms, the latter 
enables one to quantify the (relative) strength of the influence of the 
variability/uncertainty in a given parameter on the corresponding 
variability/uncertainty in the output(s) of the model analyzed.

Our study rests on two complementary global sensitivity analysis 
methodologies: (i) density function- and (ii) and moment-based strate
gies. While the former is tailored to analyze the effects that variations of 
uncertain model parameters have on the whole (probability or cumu
lative) density function of the model output, the latter focuses on the 
impact on given statistical moments of the density function of model 
output. The combination of both strategies yields a more comprehensive 
understanding of parameter influence on model output uncertainty. This 
approach captures different facets of uncertainty, making it possible to 
identify parameters that affect either the overall shape of the output 
distribution or its key statistical features. In our analysis, we consider the 
Borgonovo index (Borgonovo, 2007) as a density function-based metric. 
For moment-based metrics, we use the Sobol indices (Sobol, 2001) along 
with the AMAE and AMAV indices proposed by Dell’Oca et al. (2017). 
These indices are widely used in environmental system modeling due to 
their straightforward interpretability and ability to reveal different as
pects of model sensitivity and behavior. All selected metrics are suitable 
for models with nonlinear formulations and can be applied under both 
uncorrelated and correlated parameter settings. Otherwise, it is noted 
that accurately quantifying the effect of parameter correlations on 
sensitivity still remains an open challenge. In this study, we assume 
parameter independence. This choice is based on the exploratory nature 
of our work and the lack of a clear and strong evidence for significant 
parameter correlations.

Considering X as a set of random independent parameters and Y as 
the corresponding model output, the Borgonovo index (B) associated 
with parameter Xi is defined as: 

BXi =
1
2

∫

fXi (xi)

[ ∫ ⃒
⃒
⃒fY(y) − fY|Xi (y)

⃒
⃒
⃒dy

]

dxi (4) 

Here, fXi (xi) is the marginal probability density function (pdf) of the i-th 
model (input) parameter Xi; fY(y) and fY|Xi (y) are the unconditional and 
conditional (to a given value of Xi) marginal pdf of Y, respectively. Note 
that the Borgonovo index grounds the concept of the sensitivity of Y to Xi 
on the base of the (average) distance between the unconditional pdf of 
the output and its counterparts stemming from conditioning on diverse 
(plausible) values of Xi. This index ranges in the unit interval, where a 
null value corresponds to scenario in which the pdf of Y is unaffected by 
variations in parameter Xi.

We also rely on the classical Sobol indices (Sobol, 2001) to quantify 
the contribution of the uncertainty in Xi to the model output variance 
when considered alone, i.e., principal index SPXi , or as it interacts with 
other parameters, i.e., total index STXi . The principal Sobol index asso
ciated with Xi is given by: 

SPXi =
V[E[y|Xi] ]

V[y]
(5) 

where E[-] and V[-] denote the expectation and variance operators, 
respectively, and E[y|Xi] is the expected value of Y conditional to a 
particular value of Xi. The principal Sobol index measures the relative 
contribution of Xi to the model output variance without considering 
interactions with other uncertain model parameters. The corresponding 
total Sobol index embeds also the contributions of interactions with the 
remaining model parameters and is defined as: 

STXi = SPXi +
∑

xj

SPXi ,Xj +
∑

xj ,xk

SPXi ,Xj ,Xk + ... (6) 

where SPXi ,Xj is the fraction of model output variance due to the in
teractions between parameters Xi and Xj (the remaining symbols being 
characterized by a corresponding meaning). We recall that the total 
Sobol index represents the expected contribution of Xi to the variance of 
the model output, including contributions caused by its interactions 
with other input variables. Sobol indices are broadly used because of 
their simplicity and intuitive nature to assess sensitivity of models to 
input parameters by decomposing the total variance of a model output of 
interest into different contributions, each associated with a subset of 
parameters. These indices are used to measure the importance of indi
vidual parameters and interactions between parameters (Sobol, 2001).

To complement our investigation, we evaluate the moment-based 
metric introduced by Dell’Oca et al. (2017), termed AMA indices. The 
latter quantify sensitivity as the degree of variations in given statistical 
moments of the target model output Y that are due to the variability in 
model parameter Xi. Considering the expected value of Y, we introduce 
the following moment-based index: 

AMAEXi =

{
E
[⃒
⃒y0 − E[y|Xi]

⃒
⃒
]
/
⃒
⃒y0

⃒
⃒ y0 ∕= 0

E[|E[y|Xi] | ] y0 = 0 (7) 

where y0 is the unconditional expected value of Y. Considering the 
second (centred) statistical moment, i.e., the variance of Y, we introduce 
following index: 

AMAVXi = E[|V[y] − V[y|Xi] | ]/V[y] (8) 

Relying on the AMA indices enables one to assess the sensitivity of Y in 
terms of various salient features of the probability density function of 
the target model output, as rendered through diverse statistical mo
ments. Here, we focus on the mean and the variance of the model output. 
These metrics have been applied in diverse settings, including scenarios 
related to, e.g., groundwater hydrology (Bianchi Janetti et al., 2019; 
Dell’Oca, 2023), subsurface energy resources associated with gas flow 
migration across low‑permeability media (Sandoval et al., 2022), 
analysis of seismic metabarriers (Zeighami et al., 2023), dynamics of 
emerging contaminants in groundwater (Ceresa et al., 2023), or 
assessment of infiltration structures (Dell’Oca et al., 2023b).

Our reliance on various sensitivity indices is in line with the obser
vation that it is often difficult for one method to provide a complete 
sensitivity assessment. This is even more critical for complex hydro
logical systems of the kind we consider here (Mai et al., 2022).

2.3. Study catchments and data-sets

The NIHM-MLSM model is run under field conditions (in terms of 
climate, vegetation, and soil type) on two catchments in the Vosges 
region of northeastern France (i.e., in the Bruche and Doller catchments 
– see Fig. 1 in the supplementary material (SM)) that are characterized 
by similar climatic conditions while being associated with differing soil 
types and vegetation. While the model is run in a distributed way on the 
whole extent of each catchment, results are only illustrated for a selected 
location (or computational pixel of size 200x200m2) for each catchment, 
for simplicity.

Each pixel is selected based on its representativeness of the corre
sponding catchment conditions, including soil type, climate, and vege
tation cover. Within each catchment, these characteristics are associated 
with a high degree of spatial homogeneity, thus allowing a single pixel to 
serve as a proxy for the broader area. Both locations are subject to an 
oceanic climate, being affected by continental traits (Peel et al., 2007) 
due to the action of Foehn. Consequently, considerable fluctuations in 
local climatic variables, such as air temperature or rainfall rates, are 
experienced. Historical streamflow data indicate a low-water period 
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taking place between June and October and a high-water period be
tween December and March (Banque HYDRO, 2020).

The first exemplary location considered in this study is located in the 
Bruche catchment, which is characterized only by vineyards on Calcosol 
soil. The second location considered is representative of the Doller 
catchment, which is covered by deciduous forest, moorland and heath
land in combination with the Alocrisols soil. Figs. 1 and 2 depict records 
of the main climatic forcings monitored across the study period, i.e., 
precipitation, temperature, wind speed, and solar radiation reaching the 
canopy for the Bruche and Doller watersheds, respectively.

Climatic data (air temperature, air humidity, precipitation, snow, 
wind speed, incoming solar radiation, and longwave radiation) are 
included in the Safran database produced by Météo-France (Durand 
et al., 1993; Habets et al., 2008). The Safran system provides values of 
key climatic variables interpolared from ground measurements on a 
fixed grid of 8 × 8 km2 with a hourly temporal resolution (Durand et al., 
2009; Quintana-Seguí et al., 2008). It has been widely used to address 
hydrological monitoring and climate change studies (Vidal et al., 2010). 
Note that uncertainty on these forcing terms is not considered in this 
work which is otherwise specifically focused on the parameters required 
for LSMs.

Similar to other LSMs, NIHM-LSM requires the estimation of 
numerous forcing terms and parameters related to climatic conditions, 
vegetation and soil characteristics. Several factors limit our ability to 
obtain a reliable estimate of these forcing terms and parameters. These 
include, e.g., incompatibility between the model scale and the support 
volume of the measurement and the inherent space and time variability 
of most of the parameters that makes the exhaustive knowledge of model 
parameters and forcing terms as practically unfeasible. Therefore, 

identification of the parameters that can be considered as most impor
tant to given model outputs is critical to effectively assist modeling and 
estimation of land surface energy and water fluxes. Note that we 
consider as important (or influential) those model parameters whose 
variations impact to some extent model outputs of interest, i.e., tran
spiration, evaporation and groundwater recharge fluxes in this study. 
Such parameters are identified through a global sensitivity analysis in an 
ab initio context, i.e., the degree of uncertainty assigned to the vegeta
tion and soil model parameters is grounded on a priori qualitative 
knowledges (e.g., prior experience, literature data). In the present study, 
we do not evaluate parameter uncertainty based on a model calibration 
procedure against experimental data associated with the modeled sys
tem (e.g., measured transpiration fluxes).

In this study, the uncertain parameters involved in the evaluation of 
transpiration, evaporation, and groundwater recharge fluxes at a given 
time are: 

- the LAI and the albedo; considering their smooth variation over time, 
we rely on linearly interpolated monthly data; this implies that a 
given simulation moment is associated with two LAI and two albedo 
parameter values;

- five parameters for the litter layer (i.e., residual water content, field 
capacity, porosity, thickness, and drainage coefficient) and four pa
rameters for the root layer (residual water content, field capacity, 
porosity, and drainage coefficient) per soil type. Root layer thickness 
is considered as a vegetation dependent parameter through the root 
depth.

Fig. 1. Main climatic forcing for the Bruche watershed, i.e., rainfall, air temperature, wind speed and solar radiation. Hourly values (light color) and their daily 
moving averaged counterpart (darker color) are depicted.
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- five vegetation-related parameters per vegetation type (i.e., precip
itation interception, radiation attenuation, root depth, stomatal 
conductance, and canopy height);

A total number of 16 parameters is associated with a given type of 
vegetation and a given type of soil.

Monthly values for LAI (Table 1) are estimated from satellite data at a 
spatial scale of 3 × 3 km2 (downloaded from https://land.copernicus. 
eu/global/products/ (Copernicus Climate Change Service, 2018)). 
When several values are associated with a given month, we consider 
their average as a representative monthly value. If only one value is 
available, it is then considered as the average value across the month.

Albedo values rendered by the satellite information downloaded 
from the Copernicus Climate Change Service (2018) were found very 
uncertain. The albedo of the canopy is given by the formulation pro
vided by Planque (2018), who estimated albedo values of numerous 
forests located across France. The formulation is: 

αc = 0.18+Z × 0.02 (9) 

Here, Z is a random number uniformly distributed over [-1; 1]. The soil 
albedo is set equal to 0.10 (Van Wijk and Scholte Ubing, 1963).

The Corine Land Cover database (https://land.copernicus.eu/en/ 
products/corine-land-cover) allows for the identification of distinct 
vegetation categories at each studied catchment at raster scale of 100 m 
(European Union - SOeS, 2018). Table 2 lists the support (i.e., ranges of 
variability) associated with the uncertain vegetation-related parameters 
for the diverse vegetation types related to the two watersheds here 
considered. The width of these supports is identified on the basis of a 
detailed analysis of previous literature studies. For completeness, we list 
the main literature sources analyzed for each vegetation-related 
parameter: 

- precipitation interception (Brecciaroli et al., 2012; Couturier and 
Ripley, 1973; Friesen and Van Stan, 2019; Kergoat, 1998; Nicholas 
et al., 2011);

- radiation attenuation coefficient (Zhang et al., 2014);

Fig. 2. Main climatic forcing for the Doller watershed, i.e., rainfall, air temperature, wind speed and solar radiation. Hourly values (light color) and their daily 
moving averaged counterpart (darker color) are depicted.

Table 1 
Monthly values of LAI (mean and standard deviation, denoted as St Dev) for the pixel located in the Bruche and the Doller catchments.

Month 1 2 3 4 5 6 7 8 9 10 11 12

​ Bruche catchment
Mean 1.10 0.87 1.37 2.97 2.03 2.20 4.20 2.83 2.17 0.50 1.07 0.86
St Dev 0.06 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.04 0.06 0.08
​ Doller Catchment
Mean 1.09 0.80 1.17 1.73 4.80 5.67 5.80 5.40 5.27 4.57 1.23 0.86
St Dev 0.06 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.06 0.06 0.07
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- root depths (Escamilla et al., 1991; Freeling and Walbot, 1994; 
Leuschner et al., 2001; Mueller et al., 2013; Richards, 2011; Grass
land: Mission: Biomes, 2023);

- stomatal conductance (Gowdy et al., 2022; Brewer et al., 2022; 
Carter, 1998; Charreyron, 2011; Hovenden and Brodribb, 2000; 
Jonard et al., 2011; Baca Cabrera, 2021; Kim and Verma, 1991; 
Mahhou et al., 2005; Mueller et al., 2013; Ocheltree et al., 2012; Reis 
and Ribeiro, 2020; Song et al., 2018; Tardieu et al., 1991; Winkel and 
Rambal, 1993; Zhang et al., 2012);

- canopy height (Campos et al., 2021; Liu et al., 2019; Matese et al., 
2017; Grassland: Mission: Biomes, 2023; Peiffer et al., 2014; Smir
nova et al., 2008).

Only the vineyards vegetation is considered (T1 in Table 2) at the 
Bruche catchment. Two types of vegetation are considered for the 
location selected at the Doller catchment. These correspond to (i) 
vegetation composed mainly of broad-leaved species, including shrub 
and bush understoreys for 2/3 of the pixel area (T2 in Table 2) and (ii) 
vegetation resulting mainly from forest degradation (low and closed 
cover, dominated by bushes, shrubs and herbaceous plants) for 1/3 of 
the pixel area (T3 in Table 2).

Soil types are classified upon relying on the Regional Soil Reference 
System for Alsace and Vosges (https://data.europa.eu/data/datasets/ 
fr-341142131-araa_bdsol-alsace_250000_2011?locale=fr). Six main 
categories are identified (Chambre Régionale d’Agriculture Grand Est, 
2011, 2015) and denoted according to the World Reference Base for Soil 
Resources (IUSS Working Group WRB, 2022).In this work we consider 
only the first two soil layers (i.e., litter and root zone) and groundwater 
recharge is assumed to coincide with drainage from the root zone, the 
overall thickness of the unsaturated zone being limited to a few meters. 
Table 3 lists ranges of variability associated with the uncertain soil- 
related parameters for the diverse soil types of interest. As stated 
above, the width of these supports is set on the basis of previous studies 
(Belfort et al., 2018; Clapp and Hornberger, 1978; Dingman, 2002). Note 
that soil types S1 and S2 constitute typical traits of the Bruche and Doller 
catchment, respectively.

Drainage coefficients for both layers and all soil types are set to range 
between 5.0 × 10-8 and 5.0 × 10-7 [-]. This range of variability has been 
defined on the basis of the temporal pattern of groundwater recharge 
fluxes obtained through preliminary model runs (details not shown). 
Residual water content is fixed at 0.01 for all soil types. We further note 
that, since a single pixel is used to represent each catchment, the pre
scribed parameter uncertainty ranges for soil and vegetation types also 
serve to account for the potential heterogeneity of these attributes 
within the catchment area.

Evaluation of the global sensitivity indices listed in Section 2.2 is 
performed through a numerical Monte Carlo (MC) approach. Parameter 
values are randomly sampled by considering model parameters as 

independent and identically distributed random variables, each char
acterized through a uniform distribution with support given in Tables 2 
and 3. With reference to LAI and albedo, the semi-width of the support is 
set to the value of the standard deviation provided in the Copernicus 
data sets.

Sobol indices are calculated upon considering the algorithm 
described in Saltelli (2007). A total of 90,000 simulations are performed 
for each of the catchments.

The temporal window associated with our simulations spans a period 
of two years (i.e., 01/08/2005 to 31/07/2007). The analyses target 
solely the second year of simulations, to minimize impacts of initial 
conditions on model outputs.

3. Results and analysis of average water fluxes

Here, we illustrate the type of results obtained with the modeling 
study to assist grasping the overall behavior of the systems and to pro
vide a first quantitative appraisal of the nature of the available obser
vations and modeling outputs related to the complex hydrological 
systems analyzed. We rely on graphical depictions rendered in terms of 
the expected value +/- one standard deviation of daily averaged values 
grounded on the set of MC simulations for the period from August 1st, 
2006 to July 31th, 2007. Temporal dynamics of actual evaporation, 
transpiration, and groundwater recharge fluxes (as evaluated through 
the NIHM-MLSM model) are provided in Figs. 3 and 4 for the selected 
locations in the two watersheds (see Section 2.3), together with the 
corresponding observed rainfall series. Detailed quantitative results 
concerning the main components of the water cycle are listed in Table 4 
and 5 for the pixel located in the Bruche and Doller catchments, 
respectively.

We enhance our analysis by comparing potential and actual evapo
ration and transpiration fluxes at the Bruche and Doller catchments, as 
shown in Figs. 5 and 6, respectively. Potential transpiration and evap
oration fluxes are derived by solving the energy balance model, which 
primarily depends on the available energy input and is slightly adjusted 
by the efficiency function governing stomatal transpiration. In contrast, 
actual evaporation and transpiration fluxes are related to potential 
fluxes but are constrained by water availability (specifically, in the litter 
layer for evaporation and in the root zone for transpiration).

Although the watersheds are geographically close, their precipitation 
patterns differ significantly. Tables 4 and 5 show that the annual pre
cipitation amounts vary greatly between the two catchments, with 903 
mm recorded for the Bruche and 2542 mm for the Doller. Additionally, 
during winter, the Bruche catchment receives relatively little precipi
tation (18 % of the annual total), whereas the Doller catchment expe
riences substantial precipitation events (31 % of the annual total). These 
findings are further supported by the analysis of rainfall events depicted 
in Fig. 3a and Fig. 4a.

Table 2 
Vegetation-dependent parameters (minimum and maximum values) for T1: Vineyards (Bruche catchment), T2: Deciduous forests (Doller catchment) and T3: 
Grasslands, Natural grasslands and pastures, Moors and heathland (Doller catchment).

Vegetation type Interception [-] Attenuation [-] Root Depth [m] Stomatal conductance [m/s] Canopy height [m]

T1 0.02 0.06 0.16 0.54 0.5 2.5 0.005 0.015 0.2 1.2
T2 0.04 0.08 0.29 0.65 0.6 2.3 0.0002 0.0036 12.6 27.0
T3 0.04 0.08 0.35 0.65 0.2 1.0 0.0011 0.0110 0.2 2.1

Table 3 
Soil-dependent parameters (minimum and maximum values) for S1: Calcosols and Calcisols (Bruche catchment) and S2: Alocrisols (Doller catchment).

Soil Root layer Litter layer

Type Field capacity θc [-] Porosity 
θs[-]

Field capacity θc [-] Porosity 
θs[-]

Thickness (m)

S1 0.22 0.33 0.42 0.48 0.25 0.35 0.50 0.80 0.05 0.15
S2 0.12 0.16 0.40 0.45 0.17 0.25 0.50 0.80 0.05 0.15
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Tables 4 and 5 indicate that the total annual evaporation at the 
Doller catchment is approximately twice the one at the Bruche catch
ment. However, percentage contributions of evaporation to the annual 
total exhibit similar seasonal trends across both catchments. This 
observation aligns with the patterns shown in Fig. 3b and Fig. 4b. During 
the spring and summer seasons, evaporation remains relatively stable at 
both Bruche and Doller, fluctuating around a nearly constant value. 
Figs. 5 and 6 reveal that potential and actual transpiration values are 
closely aligned at both catchments during the spring and summer sea
sons, indicating energy-limited regimes. In contrast, the fall and winter 
seasons reveal differing dynamics between the two sites. At Bruche, 
precipitation during the typically dry-soil period of fall and winter is less 
abundant and more sporadic. Consequently, evaporation is generally 
low during this time, with variations closely following rain events. 
Evaporation rates at Bruche tend to peak shortly after precipitation 

events (notably in October and March, when more energy is available) 
and then decline due to limited water availability. Fig. 5 reveals that at 
Bruche actual transpiration is generally water-limited. Conversely, 
precipitation at the Doller catchment during fall and winter is more 
intense and frequent, leading to generally wetter soil conditions. These 
conditions sustain higher evaporation rates that stabilize over multi- 
week periods (e.g., late September to October, late November, 
February, and early March) following substantial rainfall. Nonetheless, 
these periods are followed by sharp declines in evaporation to low or 
near-zero levels, reflecting the depletion of water resources. Addition
ally, low evaporation rates coincide with extended dry periods without 
rain, as shown in Fig. 3a and b Fig. 6 corroborates the switch of the 
transpiration dynamics at Doller during the fall-winter period from 
being energy or water-limited in response to the series of rain events. 
Overall, this set of results indicate the relevance of water-availability in 

Fig. 3. (a) Observed precipitation and values of (b) evaporation and (c) transpiration together with (c) groundwater recharge evaluated through the NIHM-MLSM 
model at the Bruche watershed. Solid curves and shaded areas in (b)-(c) correspond expected values and +/- one standard deviation of daily averaged values 
grounded on the set of MC simulations for the period from August 1st, 2006 to July 31th, 2007, respectively. Note the different scales for recharge and rain.
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the litter layer (where transpiration takes place). Overall, these results 
highlight the critical role of water availability in the litter layer, where 
transpiration occurs. In addition to the series of precipitation events, key 
parameters influencing water availability in the litter layer include 
precipitation interception by the vegetation cover, storage capacity 
determined by the layer porosity and thickness, and the drainage rate. 
On the other hand, the seasonal fluctuations of radiation (see Figs. 1 and 
2) seems to play a minor role in determining the values of potential 
transpiration (particularly at Doller). Nevertheless, radiation-filtering 
parameters associated with the canopy (e.g., height, radiation attenua
tion coefficient) can markedly influence the amount of energy available 
for transpiration.

An analysis of transpiration fluxes (see Tables 4 and 5) reveals a 
similar total amount of transpired water at the two catchments, despite 

differences in vegetation types and precipitation patterns. Furthermore, 
both catchments exhibit comparable seasonal contributions to total 
transpiration, as highlighted in Fig. 3c and Fig. 4c, with pronounced 
seasonal variability of transpiration fluxes, i.e., very low values recorded 
during fall and winter, contrasted by high rates during the vegetative 
seasons of spring and summer. The comparison of the evaporation and 
transpiration dynamics at both catchments suggests that seasonal vari
ations in radiation have a much more pronounced effect on transpiration 
than on evaporation, while the characteristic of precipitation appears to 
have a minor influence. This suggests a dominance of an energy-limited 
regime for transpiration across the year at both sites. A notable excep
tion is the very dry period in April, when transpiration becomes water- 
limited (note that transpiration at Bruche appears to be water-limited 
also in August). This set of observations is corroborated by the 

Fig. 4. (a) Observed precipitation and values of (b) evaporation and (c) transpiration together with (c) groundwater recharge evaluated through the NIHM-MLSM 
model at the Doller watershed. Solid curves and shaded areas in (b)-(c) correspond expected values and +/- one standard deviation of daily averaged values grounded 
on the set of MC simulations for the period from August 1st, 2006 to July 31th, 2007, respectively. Note the different scales for recharge and rain.
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inspection of Figs. 5 and 6. Here, one can observe that: (i) close values of 
potential and actual transpiration are recorded across the whole year at 
both catchments; (ii) short mildly-dry periods have a more significant 
impact on actual evaporation than on actual transpiration as the latter is 
primarily driven by water availability in the root layer, which is buffered 
by drainage from the litter layer during dry periods; (iii) during the mid- 
weeks of April the impact of water limitations is more pronounced on 
the actual evaporation than on actual transpiration.

Regarding groundwater, Tables 4 and 5 reveal significant differences 
in total groundwater recharge between the two watersheds. At Bruche, 
approximately one-third of the total precipitation contributes to 
groundwater recharge, while this proportion increases to nearly half at 
Doller. These differences can be attributed to the varying precipitation 
levels across the catchments. Groundwater recharge primarily occurs 
during the fall and winter seasons at both catchments, accounting for 
over 35 % of the seasonal total. This is due to minimal competition for 
water from plants during these periods. However, the lower frequency of 
rainfall events at Bruche limits the intensity of groundwater recharge 
during fall and winter. Conversely, during spring and summer, 
groundwater recharge decreases across both catchments as water 
availability is primarily allocated to evaporation and transpiration 
processes.

Several parameters related to soil and vegetation characteristics are 
involved in the estimation of actual evaporation, transpiration fluxes, 
and the ensuing groundwater recharge. The results of the global sensi
tivity analysis presented in the next section allow identifying parameters 
that control these fluxes.

4. Results and assessment of model output variability in a 
sensitivity analysis context

Results from the Monte Carlo simulations can also be analyzed in 
terms of the ensuing pdf of an output of interest at a given time. Fig. 7
depicts exemplary pdfs obtained for diverse model outputs (i.e., (a) 
transpiration at Bruche, (b) evaporation at Doller, at different times) 
corresponding to unconditional scenarios (red curves) and settings that 
are conditional on diverse subintervals of variability for a given 
parameter. With reference to the latter element, we select here five 
equiprobable subintervals, for (a) root and (b) litter layer drainage co
efficient. We recall that this type of visual depiction is akin to a 
regionalized sensitivity analysis. It assists one to grasp the impact that 
conditioning on diverse values (comprised within subintervals accord
ing to which the overall support is partitioned) of a parameter might 
have on the pdf of an output of interest.

Inspection of Fig. 7 reveals several interesting features. The pdfs of 
the transpiration rate (in terms of the ensuing (conditional) expected 
value, as well as other features, i.e., higher order statistical moments; see 
Fig. 7a) corresponding to on June 15th 2007 at 12 a.m. at Bruche ap
pears to be sensitive to the root layer drainage coefficient. On the other 
hand, evaporation rate at Doller (see Fig. 7b) corresponding to October 
6th 2006 at 1.p.m. appears to be insensitive to variations of the litter 
layer drainage coefficient with reference to all of the characteristic 
features of its pdf. These preliminary investigations for the diverse 
outputs and their response to model parameter variations suggest a 
complex behavior of the LSM here investigated. A detailed quantitative 
appraisal of sensitivity is illustrated in Section 3.2 on the basis of the 
metrics introduced in Section 2.2.

We evaluate the global sensitivity indices introduced in Section 2.2 
on an hourly basis across a temporal window of one year. Fig. 8 depicts 
color-coded (from red/high to blue/low) values of B (Eq. (4)) ST (Eq. 
(6)), AMAE (Eq. (7)), and AMAV (Eq. (8)) indices for the evaporation 
rate at Bruche across the year and the diverse model parameters (listed 
along the vertical axis; corresponding parameter identification number 
(id) is defined in the Symbol List of the Supplementary Material). A light 
purple background highlights time-varying parameters (e.g., LAI: pa
rameters 1–12; albedo: parameters 13–24), while a light green back
ground indicates static parameters (e.g., soil: 25–38; vegetation cover 1: 
39–43; vegetation cover 2: 44–48). a red band in the B index panel in
dicates a temporal window during which evaporation is highly sensitive 
(in terms of the full probability distribution) to a specific parameter. 
Inspection of the additional indices offer further insight into how the 
first and second moments of the output distribution respond to param
eter variations. Taken together, results encapsulated in Fig. 8 allow for 
assessing consistency (or discrepancies) in parameter sensitivity 
depending on the specific aspect of the output distribution being 
analyzed. Figs. 10-13 are patterned after Figs. 8 and 9 considering the 
results for transpiration rate and groundwater recharge.

We recall that values of B (similar to all other indices) associated 
with parameters that are not influential to given model outputs of in
terest should be zero. For example, the value of B for the evaporation 
associated with the drainage coefficient of the root layer should be equal 
to zero, is not. This apparent anomaly is attributed to a random noise 
(that would require a markedly high amount of additional computation 
hours to be mitigated) stemming from a still incomplete sampling of the 
parameters space (despite our analysis incorporates an extensive num
ber of random samples). We then identify a threshold value, i.e., B =
0.17 (average value observed in correspondence of instances associated 
with a value for B that should otherwise be expected to vanish), as a 
benchmark for evaluating the adequacy of parameter sampling within 
our sensitivity analysis. Consequently, we disregard from our sensitivity 
analysis instances in which B falls below 0.17 to enhance interpretability 
of visual representations of B, ST, AMAV, and AMAE.

Overall, the evaporation rate at Bruche is primarily influenced by the 
properties of the litter layer and the canopy (see Fig. 8). The litter 

Table 4 
Amount of water volume (in mm) for the different seasons and over the year for 
the Bruche catchment. Values of transpiration, evaporation, and groundwater 
recharge are evaluated through the NIHM-MLSM model (mean ± standard de
viation). Percentage values (%) are defined as the ratio between seasonal values 
and their yearly counterparts.

Autumn Winter Spring Summer Total

Precipitation 
(mm)

213 165 238 288 903

(%) 24 18 26 32 100
Evaporation (mm) 26 ± 12 22 ± 13 50 ± 23 57 ± 24 154 ± 70
(%) 17 14 32 37 100
Transpiration 

(mm)
24 ± 7 32 ± 11 145 ±

50
133 ± 38 334 ±

101
(%) 7 10 43 40 100
GW Recharge 

(mm)
133 ± 34 100 ±

16
49 ± 46 45 ± 53 327 ±

134
(%) 41 31 15 14 100

Table 5 
Amount of water volume (in mm) for the different seasons and over the year for 
the Doller catchment. Values of transpiration, evaporation, and groundwater 
recharge are evaluated through the NIHM-MLSM model (mean ± standard de
viation). Percentage values (%) are defined as the ratio between seasonal values 
and their yearly counterparts.

Autumn Winter Spring Summer Total

Precipitation 
(mm)

566 780 415 781 2542

(%) 22 31 16 32 100
Evaporation (mm) 65 ± 16 57 ± 11 80 ± 22 104 ± 22 306 ± 70
(%) 21 19 26 34 100
Transpiration 

(mm)
33 ± 9 43 ± 10 158 ±

47
148 ± 40 382 ±

104
(%) 9 11 41 39 100
GW Recharge 

(mm)
449 ± 33 612 ±

42
137 ±
56

299 ± 87 1497 ±
193

(%) 30 41 9 20 100
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drainage coefficient significantly affects the evaporation rate 
throughout most of the year, exhibiting similar sensitivity patterns in 
terms of B, ST, AMAV, and AMAE. Notably, the B values associated with 
the litter drainage coefficient are less pronounced than those linked to 
other key parameters, such as the canopy radiation attenuation coeffi
cient. This suggests that variations in the litter drainage coefficient 
primarily impact the variance and expected value of the evaporation 
rate at Bruche (as reflected in ST, AMAV, and AMAE), while having a 
lower influence on other statistical features of the pdf (e.g., skewness 
and kurtosis). During the fall and winter period (October to late March; 
see Fig. 3a), relatively high ST, AMAV, and AMAE values for the litter 
drainage coefficient are observed, coinciding with generally low evap
oration rates (see Fig. 3b). Analysis of rainfall events during this period 
indicates that these elevated sensitivity values typically occur during 
soil-drying phases following relatively mild rain events (e.g., early 
November, late December, or the first half of March). This trend reflects 
water-limited evaporation dynamics, consistent with the observed low 
or declining evaporation rates during these drying intervals. In contrast, 
the sensitivity of the evaporation rate to litter layer thickness exhibits 

more intermittent patterns throughout the year. Interestingly, the 
diverse sensitivity indices (B, ST, AMAV, and AMAE) for litter layer 
thickness display similar magnitudes, indicating that this parameter 
impacts various statistical features of the evaporation pdf to a compa
rable extent. Regarding canopy properties, the radiation attenuation 
coefficient demonstrates high sensitivity across all sensitivity indices 
during the wet-soil and vegetative period (late May to early September), 
a time characterized by more frequent rain events and generally higher 
evaporation rates (see Fig. 3a-b). These observations align with the 
earlier discussion indicating that actual transpiration at Bruche is pre
dominantly energy-limited during the wet and vegetative seasons, 
driven by the availability of solar radiation reaching the soil. During the 
drier fall and winter periods, we observe alternating sensitivity patterns 
(across all indices) to (i) the canopy radiation attenuation coefficient and 
(ii) the litter layer drainage coefficient. Under generally dry-soil condi
tions, water evaporation increases during or immediately after a rain 
event, with the rate being primarily energy-limited. As the soil becomes 
drier, evaporation decreases and transitions to a water-limited regime. 
Notably, the AMAV and AMAE indices for the canopy radiation 

Fig. 5. Precipitation (top), potential (red) and actual (blue) evaporation and transpiration fluxes at the pixel located in the Bruche catchment. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.)
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attenuation coefficient are generally higher than the corresponding B 
and ST values during the drier months. This indicates that the canopy 
radiation attenuation coefficient exerts a strong influence on the vari
ability of the first two statistical moments of the evaporation rate. 
Additionally, AMAV and AMAE values for canopy height are highest 
during the fall and winter and exhibit patterns similar to those associ
ated with the canopy radiation attenuation coefficient. Since canopy 
height modulates the overall impedance to both water and energy 
fluxes, the observed similarity in AMAV and AMAE patterns for canopy 
height and the radiation attenuation coefficient (an energy-related 
parameter) suggests that, during the dry fall and winter periods, can
opy height primarily influences the amount of energy reaching the soil, 
thereby regulating energy availability for transpiration. A similar 
observation holds for the trends of B and ST for the canopy height and 
radiation attenuation coefficient during the wet spring/summer period.

Considering evaporation at Doller (see Fig. 9), during the fall-winter 
period, we observe similar alternating sensitivity patterns to those 
documented at Bruche. Specifically, (i) the litter layer drainage coeffi
cient exhibits high sensitivity following rain events, when the soil is 
drying and evaporation rates are declining, and (ii) the canopy radiation 
attenuation coefficient for vegetation type T2 shows higher sensitivity 

values during or at the end of rain events. However, the sensitivity to the 
canopy radiation attenuation coefficient is less pronounced at Doller 
compared to Bruche. Additionally, the sensitivity (across all indices) of 
evaporation to the canopy radiation attenuation coefficient for vegeta
tion type T3 is less significant. On the other hand, indices B, ST, and 
AMAV for the canopy height of vegetation T2 show high values during 
the wet-soil period of late spring and summer, when the evaporation rate 
fluctuates around an approximately constant average value (see Fig. 4b). 
In contrast, AMAE remains generally low during this period. This sug
gests that the canopy height of vegetation T2, likely through its regu
lation of energy flux impedance toward the soil, primarily controls the 
uncertainty (around a stable mean) in evaporation rates during energy- 
limited periods with wet soil. During the fall and winter, indices B, ST, 
and AMAV for the canopy height of vegetation T2 generally exhibit 
higher values in correspondence with mid-to-high evaporation rates (e. 
g., late October, late November, and throughout February; see Fig. 9). 
This occurs when the soil remains wet, and water evaporation is gov
erned by the amount of energy passing through the canopy (see potential 
and actual evaporation in Fig. 6). A similar trend is observed for the 
canopy height of vegetation type T3, indicating a combined influence of 
canopy height on energy-limited evaporation during the fall-winter 

Fig. 6. Precipitation (top), potential (red) and actual (blue) evaporation and transpiration fluxes at the pixel located in the Doller catchment. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.)
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period at Doller.
Considering transpiration at Bruche (see Fig. 10), the litter layer 

drainage rate significantly influences the variability of the first (AMAE) 

and second (AMAV) statistical moments during periods of overall low 
transpiration, such as the generally dry-soil conditions in fall and winter. 
Since transpiration occurs exclusively within the root layer, this 

Fig. 7. Probability density functions related to: (a) transpiration on June 15th 2007 at 12 a.m. at Bruche with prescribed root drainage rate; (b) transpiration on 
October 6th 2006 at 1.p.m. at Doller with prescribed litter drainage rate. In each panel, we consider the unconditional (red curve) pdf of each output and its 
counterparts conditioned (blue curves) on five different (equally probable) subintervals (middle bin conditioning value, denoted as Cond., is provided in the legend) 
according to which the support of a given parameter is partitioned. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.)

Fig. 8. Temporal behavior of the sensitivity indices related to the evaporation rate at the Bruche catchment. Parameter id = 36 denotes litter layer drainage rate, 37 
litter layer thickness, 40 canopy radiation attenuation coefficient, 43 canopy height (see Supplementary Material for the complete list of parameter identifiers).
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sensitivity to the litter layer drainage rate likely reflects its role in 
regulating water availability as it percolates from the litter layer into the 
deeper root layers. Meanwhile, the corresponding B and ST values 
remain generally low during this period. During the late spring, summer, 
and early fall period, when precipitation is more frequent and the soil 
remains wetter, indices B, ST, AMAV, and even AMAE for the canopy 
radiation attenuation coefficient reach high values, particularly in the 
middle of summer. This observation indicates that the canopy’s atten
uation of radiation reaching the soil establishes energy-controlled dy
namics for transpiration within the root layer under wet-soil conditions 
and high transpiration rates. Similarly, intense values of B, ST, AMAV for 
the canopy radiation attenuation coefficient are observed from February 
to March, when the soil at Bruche is generally dry, and transpiration 
begins to increase with the onset of the vegetative season (see Fig. 3c). 
This finding suggests that the canopy radiation attenuation coefficient 
plays a key role in controlling uncertainty in transpiration by influ
encing the variability in the energy available within the canopy (and, 
consequently, potential transpiration). Additionally, we note consistent 
sensitivity (across all indices and throughout the year) to the maximum 
conductance of fully open stomata, although the sensitivity values are 
not particularly pronounced. This suggests a partial but persistent con
trol exerted by stomatal resistance on the water flux from leaves to the 
atmosphere, influencing transpiration dynamics. Moreover, during the 
very dry period in April (see Fig. 3a), there is notable sensitivity (across 
all indices) to the root layer drainage rate. This observation is consistent 
with the earlier discussion in Fig. 5, emphasizing the role of water 

availability in regulating transpiration under extremely dry soil 
conditions.

Regarding transpiration at Doller (see Fig. 11), there is significant 
sensitivity, as indicated by all uncertainty-related indices (B, ST, 
AMAV), to the maximum conductance of fully open stomata of vegeta
tion T2 during the late spring and summer period. However, AMAE for 
this parameter remains relatively low during this time. A similar, albeit 
less marked, trend is observed for the canopy height of vegetation T2, 
with lower sensitivity values for B, ST, and AMAV.

Under the generally wet-soil conditions of late spring and summer, 
the expected value of transpiration remains approximately constant 
while there is a non-negligible uncertainty in the transpiration rates (see 
Fig. 4c). During this period, uncertainty in the maximum conductance of 
fully open stomata of vegetation T2 (and to a lesser extent that in the 
canopy height) drives uncertainty in transpiration rates. These results 
suggest that the maximum conductance of fully open stomata and the 
canopy height (influences the amount of energy available within the 
canopy) of vegetation T2 jointly regulate the overall resistance/imped
ance and energy availability for transpiration during the wet-soil spring/ 
summer period, when water availability is not the primary limiting 
factor at Doller (see potential and actual transpiration in Fig. 6). 
Considering the fall and winter period, there is a balance in the sensi
tivity (particularly in terms of B, AMAV, and ST) to the maximum 
conductance of fully open stomata and to the canopy radiation attenu
ation coefficient of vegetation T2. Additionally, there is an increase in 
sensitivity to the albedo and LAI indices. These findings suggest a 

Fig. 9. Temporal behavior of the sensitivity indices related to evaporation at the Doller catchment. Parameter id = 36 denotes litter layer drainage rate, 37 litter 
layer thickness, for vegetation T2 40 canopy radiation attenuation coefficient, 42 maximum conductance of fully open stomata, 43 canopy height, and the coun
terparts for vegetation type T3 are 45, 47 and 48 (see Supplementary Material for the complete list of parameter identifiers).
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combined control of stomatal resistance and energy availability on the 
uncertainty in transpiration rates during the fall-winter period. At the 
same time, lower sensitivity is observed with respect to properties of 
vegetation type T3.

Considering groundwater recharge at Bruche (see Fig. 12), there is a 
consistent sensitivity to the root layer drainage coefficient across all 
indices. In particular, high sensitivity values (for B, ST, and AMAV) are 
observed during and immediately after the very dry period of April, 
mirroring the sensitivity trends documented for transpiration. These 
results suggest a competition between transpiration and groundwater 
recharge for the limited water available in the root layer, with the root 
layer drainage coefficient playing a significant role in influencing both 
uncertainty (B, ST, AMAV) and average values (AMAE) of these water 
fluxes. Additionally, during the intense rain event at the beginning of 
October, when vegetation is mostly quiescent, the root layer drainage 
coefficient strongly impacts the groundwater recharge in terms of B and, 
to a lesser extent, ST and AMAV. This indicates that, in the absence of 
competition for water in the root layer, the uncertainty in the root layer 
drainage coefficient (which regulates the rate of water transfer to the 
underlying groundwater) chiefly affects higher-order statistical mo
ments (e.g., peak and tail behavior) of the groundwater recharge pdf. 
Persistent sensitivity to the litter layer drainage coefficient, and to a 
lesser extent its thickness, is also observed during the drier fall and 
winter periods. This suggests that evaporation dynamics exert a signif
icant influence on subsequent groundwater recharge under dry soil 
conditions and during vegetation dormancy (see Fig. 3a-c). In the 

summer period, sensitivity to vegetation-related parameters such as the 
rainfall interception coefficient, canopy radiation attenuation coeffi
cient, and canopy height is evident across all indices. These findings 
imply that the rainfall interception coefficient impacts the amount of 
water reaching the root layer, while the canopy radiation attenuation 
coefficient and canopy height influence the water left as groundwater 
recharge in the root layer after plant transpiration.

With regard to groundwater recharge at Doller (see Fig. 13), there is 
persistent sensitivity to the root layer drainage coefficient throughout 
the year, as well as to the root layer height of vegetation T2 during the 
fall and winter period. Notably, during the fall/winter season, all 
sensitivity indices for the root layer drainage coefficient (and to a lesser 
extent for the root layer height of vegetation T2) show heightened values 
in correspondence with rain events (see Fig. 4a, d). This highlights the 
control exerted by the root layer drainage coefficient on water transfer 
to the groundwater, particularly in the absence of competition with 
transpiration. During and immediately after the very dry period in April, 
the root layer drainage coefficient shows high sensitivity only in terms of 
AMAE. This suggests that during periods of intense competition with 
plant transpiration at Doller, the root layer drainage coefficient pre
dominantly influences the expected value of groundwater recharge, 
with a reduced impact on its uncertainty. During the generally wet-soil 
spring and summer period, sensitivity across all indices is observed for 
groundwater recharge with respect to the rainfall interception coeffi
cient and the maximum conductance of fully open stomata of vegetation 
type T2. This indicates a dual control mechanism: the rainfall 

Fig. 10. Temporal behavior of the sensitivity indices related to transpiration at the Bruche catchment. Parameter id = 31 root layer drainage rate, 36 litter layer 
drainage rate, 37 litter layer thickness, 40 canopy radiation attenuation coefficient, 42 maximum conductance of fully open stomata, 43 canopy height (see Sup
plementary Material for the complete list of parameter identifiers).
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interception coefficient affects the amount of water reaching the soil, 
while the maximum conductance of fully open stomata determines the 
portion of water not lost to plant transpiration. Conversely, no mean
ingful sensitivity is detected for the parameters associated with vege
tation type T3.

5. Discussion

To summarize the key results of the sensitivity analysis performed for 
evaporation, transpiration, and groundwater recharge rates, Table 6 lists 
the key sensitive parameters (identified by a ‘✓’ symbol) for each model 
output.

Evaporation only takes place in the top litter layer and is directly 
related to the energy flow through the canopy that then reaches ground 
surface where the litter layer drainage coefficient regulates the water 
drainage. As one could expect, transpiration appears as mainly influ
enced by the vegetation characteristics, while LAI and albedo co
efficients impose an energy-constrain during the wet-soil winter period 
at Doller. Surprisingly, groundwater recharge is not sensible to any 
vegetation parameters, except the root layer thickness at Doller during 
fall/winter and the rainfall intercept at both catchments during Summer 
(at Doller also the maximum stomatal conductance plays a nonnegligible 
role). This is possibly related to the observation that groundwater 
recharge appears only when precipitations are significant and/or when 
transpiration rates are very small due to a reduced energy (for example 

during winter). When transpiration is significant, recharge to ground
water takes place solely after a period of precipitations that allows 
transpiration and replenishment of the water stored in the unsaturated 
zone.

Our results can be also viewed from a water- and energy-limitation 
perspective and according to the documented seasonal hydrological 
regime. During water-limited periods (e.g., winter at Bruche) evapora
tion is low and strongly influenced by the litter drainage coefficient, 
which modulates availability of water in the litter layer where evapo
ration takes place. In contrast, during wetter periods, evaporation be
comes energy-limited, and sensitivity shifts toward vegetation-related 
parameters, such as the radiation attenuation coefficient. A similar 
pattern is observed for transpiration. During dry conditions, the hy
draulic behavior of the litter layer plays a central role in regulating 
water availability in the root zone, where transpiration draws moisture. 
Transpiration becomes primarily energy-limited under wet conditions 
(e.g., summer at Doller), and vegetation-related parameters (e.g., can
opy radiation attenuation coefficient, maximum stomatal conductance) 
gain importance as they modulate energy availability. With reference to 
groundwater recharge, dry periods are characterized by competition for 
water in the root zone between recharge and transpiration (assuming no 
energy limitation). In these cases, hydraulic properties of the root zone 
become critical, as they influence root uptake and percolation to deeper 
layers. When transpiration is low, these hydraulic properties primarily 
control the percolation process. During wet periods, competition 

Fig. 11. Temporal behavior of the sensitivity indices related to transpiration at the Doller catchment. Parameter id from 1 to 12 correspond to LAI; parameter id from 
13 to 24 correspond to albedo. Parameter 31 corresponds to root layer drainage rate, 36 to litter layer drainage rate and 37 to litter layer thickness. Parameter 40 
(resp. 45) corresponds to the canopy radiation attenuation coefficient, 42 (resp. 47) to the maximum conductance of fully open stomata, 43 (resp. 48) to the canopy 
height for the vegetation type T2 (resp. vegetation type T3), (see Supplementary Material for the complete list of parameter identifiers).
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between transpiration and recharge is again sensitive to vegetation pa
rameters, which regulate the energy available for transpiration and thus 
indirectly affect water partitioning in the root zone.

Our results demonstrate the interest and potential of ab initio 
sensitivity analyses. We suggest that these types of studies should always 
be performed prior to running (either in a forward or in a stochastic 
inverse modeling context) a (land surface) model. Doing so enables one 
to: 

- identify parameters and processes that require special attention due 
to their impact on target model results;

- obtain a quantitative appraisal of the importance of new features/ 
processes that can eventually arise when considering development of 
various levels of complexity for a given model formulation;

- guide (stochastic) model calibration (see e.g., Ciriello et al., 2015, 
Guse et al., 2020, Dell’Oca et al., 2023a, Larabi et al., 2023) 
considering that uninfluential parameters cannot be reliably esti
mated and an a priori value can be acceptable (we recall here that a 
parameter can be sensitive while not being identifiable, e.g., because 
of its strong correlation to other parameters).

Results of a (global or local) sensitivity analysis are typically model- 
and site- (in terms of, e.g., climatic conditions, type of soils cover, type of 
soil, depending on the scale of the pixel) dependent. Even when diverse 
LSMs share some parameters, the relative importance of these parame
ters may vary, requiring ad hoc analyses, for which the illustrated 

methodological framework provides a viable approach. This is consis
tent with the observation that sensitivity analysis outcomes can be 
influenced by the degree of uncertainty in model parameters, typically 
reflected by their assumed variability ranges. As our knowledge of the 
system improves (through calibration efforts or assimilation/integration 
of new data) these uncertainty ranges may change. In turn, results of a 
sensitivity analysis should be revisited to capture any shifts in parameter 
relevance (e.g., Paleari and Confalonieri, 2016; Shin et al., 2013; Wang 
et al., 2013; Kelleher et al., 2013; Dell’Oca et al., 2020).

Furthermore, it is important to note that the formulation and as
sumptions underlying a given LSM are designed to reflect the hydro
logical, vegetative and energy conditions of the catchments under 
investigation. Thus, caution is needed when transferring results and 
conclusions drawn on the basis of our multi-method sensitivity analysis 
to other catchments. Different catchments might require alternative 
LSM structures and assumptions to capture local dynamics. We recall 
that each LSM implements various degrees of complexities for diverse 
processes. It is also recognized that uncertainty sources affecting land 
surface models typically comprise incomplete knowledge in (a) con
ceptual and mathematical formulation of models and processes therein 
and (b) parameters embedded in such models. As such, future research 
efforts will be focused at extending our knowledge on the quantification 
of the relative impact of uncertain processes (in terms of their mathe
matical formulation and parameterization; see e.g., Dell’Oca et al., 
2020) on the diverse components of the water budget included in a land 
surface model.

Fig. 12. Temporal behavior of the sensitivity indices related to groundwater recharge at the Bruche catchment. Parameter id = 31 root layer drainage rate, 36 litter 
layer drainage rate, 37 litter layer thickness, 39 rainfall interception coefficient, 40 canopy radiation attenuation coefficient, 43 canopy height (see Supplementary 
Material for the complete list of parameter identifiers).
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6. Conclusions

We focus on the diagnosis of the behaviour of the recently developed 
NIHM (Normally Integrated Hydrological Model) modular Land Surface 
model. The latter embeds a variety of critical hydrological processes. 
Similar to other land surface models, it is characterized by a marked 
degree of parametrization. Temporal dynamics of water fluxes associ
ated with transpiration, evaporation, and groundwater recharge are 
analyzed through global sensitivity analysis to discriminate relative 
importance of uncertain model parameters. Uncertainty sources 
comprise incomplete knowledge of monthly values of albedo and leaf 
area index, as well as of parameters related to vegetation and soil types 
constituting the litter layer and root zone. As opposed to previous 
studies on sensitivity analyses of land surface models, we provide an 
assessment of various aspects of sensitivity upon considering a joint 
analysis of multiple GSA metrics. These enable us to quantify the relative 
importance of our knowledge of a given model parameter on sensitivity 
metrics associated with the whole probability density function (pdf) (Eq. 
(4) of the target model outputs or its first two statistical moments (i.e., 
mean and variance; Eqs. (6), 7, and 8). Our analyses are exemplified 
through the simulation of realistic field settings characterizing two 
watersheds in the Vosges region (France) across a one-year period. In 
this sense, our study is anchored on field conditions (in terms of, e.g., 
climate, vegetation, and soil type) associated with these two watersheds. 
As the contribution of runoff to water balance in these two catchments is 
documented to be negligible, we do not include this process in our 

analyses.
Our study leads to the following major conclusions. 

1. The strength of the relative importance of model parameters typi
cally varies in time and depends on the statistical moment associated 
with the pdf of the model output of interest. For example, we 
document that the relative influence of the canopy height of vege
tation T2 is generally higher for the variance than for the expected 
value of transpiration at Doller (Fig. 11). A similar observation holds 
considering the influence of the canopy radiation attenuation coef
ficient on transpiration at Bruche (Fig. 10).

2. Water fluxes related to evaporation at both catchments are chiefly 
influenced by the energy flow through the canopy and by the 
drainage in the top litter layer. Transpiration exhibits different 
behavior at Bruche and Doller. The litter drainage and the attenua
tion of radiation by the canopy constitute the major elements of in
fluence at Bruche. Transpiration at Doller is mainly influenced by the 
latter quantity, albeit diverse vegetation-parameters (maximum 
conductance of fully open stomata, canopy height) are influential 
and also LAI and albedo (not evidenced at Bruche) display some 
degree of influence. Groundwater at both sites is majorly controlled 
by drainage in the root layer. At the same time, groundwater is 
sensitive (in a less marked fashion) to the litter properties at Bruche 
and to the vegetation properties at Doller. While most of these results 
can be intuitive, resting on rigorous GSA metrics yields an appro
priate quantification of the relative strength of the way uncertainties 

Fig. 13. Temporal behavior of the sensitivity indices related to groundwater recharge at the Doller catchment. Parameter id 31 corresponds to the root layer drainage 
rate. Parameters 39 corresponds to the rainfall interception coefficient, 41 to the root layer thickness and 42 to the maximum conductance of fully open stomata for 
vegetation type T2 (see Supplementary Material for the complete list of parameter identifiers).
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related to model parameters propagate onto different statistical 
moments of the pdf of the modeled water fluxes.

3. Relying on multiple sensitivity metrics, each focused on a given 
aspect of the uncertainty associated with a model response of inter
est, contributes to enhance our ability to quantify the relative 
importance of uncertainties linked to parameters of multiple origins. 
We note that a moment-independent analysis of the type linked to 
the distribution-based Borgonovo index may be subject to some 
operational constraints because of the need of assessing the complete 
pdf of the model output of interest. It can nevertheless be employed 
as a measure of the overall impact of a model parameter on the pdf of 
the water fluxes considered. When coupled with prior knowledge of 
the system functioning (as for example in the case where some pro
cesses or parameters are not involved in the computation of the 
water flux of interest), the results associated with this metric can be 
employed to gauge the quality of sampling of the model parameter 
space (see Section 3.2). The total Sobol indices and the AMAV indices 
provide very similar results in terms of ranking parameter impor
tance with respect to water fluxes variance.

Future research will focus on improving our understanding of how 
uncertainties in process representation (in terms of mathematical 
formulation and parameterization (see, e.g., Dell’Oca et al., 2020)) 
affect the various components of the water budget in land surface 
models. In addition, we aim at integrating sensitivity analysis with 
stochastic calibration approaches to support efficient and informed LSM 

calibration (e.g., Dell’Oca et al., 2023b). This will also allow us to 
explore the way sensitivity results may vary depending on the level of 
uncertainty in model inputs, by comparing results obtained using a 
priori and post-calibration parameter distributions.

By demonstrating the operational value of multi-metric sensitivity 
analysis, our study offers a robust framework for guiding parameter 
selection and model refinement in water resource modeling under 
uncertainty.
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Ledoux, E., Le Moigne, P., Martin, E., Morel, S., Noilhan, J., Quintana Seguí, P., 
Rousset-Regimbeau, F., Viennot, P., 2008. The SAFRAN-ISBA-MODCOU 
hydrometeorological model applied over France. J. Geophys. Res. 113, D06113. 
https://doi.org/10.1029/2007JD008548.

Hogue, T.S., Bastidas, L.A., Gupta, H.V., Sorooshian, S., 2006. Evaluating model 
performance and parameter behavior for varying levels of land surface model 
complexity. Water Resour. Res. 42 (8). https://doi.org/10.1029/2005WR004440.

Hovenden, M.J., Brodribb, T., 2000. Altitude of origin influences stomatal conductance 
and therefore maximum assimilation rate in Southern Beech Nothofagus 
Cunninghamii. Funct. Plant Biol. 27, 451. https://doi.org/10.1071/PP99164.

IUSS Working Group WRB, 2022. World Reference Base for Soil Resources. International 
soil classification system for naming soils and creating legends for soil maps, (4th 
ed.). International Union of Soil Sciences (IUSS).

Jarvis, P.G., 1976. The Interpretation of the variations in leaf water potential and 
stomatal conductance found in canopies in the field. Philos. Trans. R. Soc., B 273, 
593–610.

Jeannot, B., Weill, S., Eschbach, D., Schmitt, L., Delay, F., 2018. A Low-dimensional 
integrated subsurface hydrological model coupled with 2-D overland flow: 
application to a restored fluvial hydrosystem (Upper Rhine River – France). 
J. Hydrol. 563, 495–509. https://doi.org/10.1016/j.jhydrol.2018.06.028.
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