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Study focus: The study runs four lumped parameter hydrological models combining eight pre-
cipitation products and four soil moisture products. A Bayesian inference scheme is built to es-
timate posterior parameter distribution for any combination of hydrological model, precipitation
and soil moisture. The simulated streamflows are evaluated using both Nash-Sutcliffe Efficiency
criteria and multi-resolution analysis. The results from Bayesian inference combining streamflow
and soil moisture is compared to the results when considering only streamflow as a benchmark.
New hydrological insights for the region: The results indicates that hydrological model performance
through the Nash-Sutcliffe Efficiency criteria is more sensitive to the forcing precipitation product
than the model structure. Also, forcing hydrological models with merged precipitation product
brings better streamflow predictions than using satellite precipitation products. Regarding soil
moisture accounting in hydrological modeling, the results show that including soil moisture in the
parameter estimation can improve the predictive performance of hydrological models when the
model is forced with satellite precipitation product. Also, soil moisture datasets derived from
Sentinel-1 offer better consistency in hydrological modeling of river streamflow simulation.
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1. Introduction

Hydrological Models (HM) aim to establish streamflow predictions using meteorological forcing data (i.e., precipitation, tem-
perature, potential evapotranspiration). The predictive performance of HMs relies on the model structure (Gupta and Govindaraju,
2019; Knoben et al., 2020; Refsgaard et al., 2006; Renard et al., 2010), the calibration procedure (Herrera et al., 2022; Siebert et al.,
2010), the forcing data (Oudin et al., 2006) as well as the initial conditions (Mazzilli et al., 2012). HMs are generally designed based on
a prior conceptualization of the flow behavior within the catchment of interest (McMillan et al., 2023) while the parameter estimation
is performed with history matching based on field observations (Klemes, 1986; Seibert, 2001). Model calibration aims at finding the
model parameters values allowing them to better reproduce the field observations. In most hydrological studies, history matching is
performed regarding streamflow times series alone. Various studies have shown an interest in considering complementary observa-
tions for history matching such as piezometric head (Cousquer and Jourde, 2022; Flinck et al., 2021; Lamb et al., 1998; Seibert, 2000),
soil moisture (Eini et al., 2023; Shahrban et al., 2018; Tong et al., 2022), physicochemical parameters (Schilling et al., 2019) or actual
evapotranspiration (Bargaoui et al., 2008). Complementary observations allow investigating both explanatory and predictive di-
mensions (Andréassian, 2023; Beven, 2001) of HMs thus allowing to investigate if model predictions can be considered satisfactory for
suitable reasons. While the main goal of HMs consists of providing streamflow predictions, the consistency of HMs can be evaluated
regarding various components of the water stocks and fluxes such as (i) the hydrodynamics within the unsaturated zone through the
soil moisture dynamics, and (ii) the interaction within the soil-vegetation-atmosphere continuum through the actual evapotranspi-
ration. Then, the water balance within the various compartments of HMs allows to better assess the contribution of the catchment of
interest within the terrestrial water cycle. Also, the development of new Earth Observation (EO) data such as those from the Sentinel-1
mission offers new constraints for HMs (Bechtold et al., 2023; Cenci et al., 2017) leading to better consistency in hydrological modeling
but also bring additional potential uncertainty in the hydrological modeling chain (Maggioni and Massari, 2018).

While precipitation data is essential for HMs, the high variability in time and space makes it difficult to get suitable precipitation
time series for catchment scale hydrological modeling, particularly in data-scarce regions. Among the various types of HMs, lumped
parameter HMs consist of a functional approach that analyzes a hydro(geo)logical system at the catchment scale and describes the
transformation from precipitation into streamflow using empirical or conceptual relationships. The forcing dataset consists of
precipitated water that can be estimated based on either a meteorological ground station (assuming the station to be representative of
the catchment) or a distributed precipitation dataset (e.g., interpolated ground station data or radar-derived precipitation). Ground-
station measurements are the most reliable source of precipitation (direct measurement over data-dense regions) although some
modeling exercises have shown that using integrated precipitation products can outperform the use of ground-station data (Camici
et al., 2018). Recent studies have investigated the use of either reanalysis products or satellite precipitation products (SPP) in place of
classical gauge measurement for hydrological modeling (Maggioni and Massari, 2018). Tramblay et al. (2023b) showed that using
SM2RAIN precipitation products can reach satisfactory results for daily hydrological modeling in Morocco. Cantoni et al. (2022) used
ERAS for flood modeling in Tunisia. The authors showed that it can be a valuable alternative to observed precipitation as long as
parameter estimation for HM can be performed with streamflow observations. Ciabatta et al. (2016) forced the MISDc model (Brocca
et al., 2011; Massari et al., 2018) with both ground observed precipitation and SPP. The results showed that the use of SPP for daily
discharge simulation requires a parameter estimation procedure to obtain consistent hydrological predictions over four catchments in
Italy. While SPPs suffer from biases, they can still well capture the temporal variability of precipitation at the catchment scale
(Nikolopoulos et al., 2013; Stampoulis et al., 2013). Then, SPP-forced HMs require a parameter estimation procedure to substantially
improve the model performance in hydrological modeling. Nonetheless, such an approach may introduce parametric uncertainty
where HMs can compensate for SPP bias. Therefore, using a multi-HMs ensemble to evaluate SPP appears suitable for avoiding (or
limiting) such SPP-HM compensation and should bring robustness to SPP evaluation.

Up to date, small and mesoscale applications in hydrological modeling get limited access to suitable satellite derived estimation of
continental water cycle components, in particular precipitation and soil moisture. Indeed, most of the products offer coarse resolution
that appears unsuitable for hydrological modeling over mesoscale catchments. The recent development in EO brings new estimation of
continental water cycle component at 1 km of spatial resolution for precipitation (Filippucci et al., 2025, 2022) and soil moisture
(Alfieri et al., 2022; Madelon et al., 2023; Quast et al., 2023). Only few studies investigate the potential added value of such
high-resolution products in hydrological modeling of small to mesoscale. Al-Khoury et al. (2024) assessed downscaled precipitation
products (1 km spatial resolution) for hydrological modeling of a karst catchment in mountainous regions, characterized with a
recharge area of 13.2 km?. The results showed that the precipitation downscaling do not significantly affect the spring discharge
simulation compared with the original precipitation products.

In this study, high-resolution precipitation products are compared with widely used precipitation products (derived from either
observations, reanalysis or satellite) and combined with soil-moisture accounting within lumped parameter hydrological modeling.
This study aims to investigates how considering various precipitation and soil moisture products affect streamflow simulation. This
study focuses on mesoscale catchments in the Mediterranean Region (MR) where the typical catchment size is estimated around
10%-10° km? (Merheb et al., 2016; Tramblay et al., 2023a). Then, five catchments are considered for hydrological modeling using four
lumped parameter HMs. Every single HM is calibrated in a Bayesian framework, considering any combination among thirteen pre-
cipitation products (forcing data) and four soil moisture products (observation data). The HMs calibration is performed considering (i)
streamflow only and (ii) joint streamflow and soil moisture. The analysis of the model performance across the various combinations of
HMs, precipitations datasets and soil moisture datasets allows investigating (i) the interaction between the selection of both HM and
forcing precipitation dataset and its impact on the overall predictive uncertainties, (ii) the potential added value of considering soil
moisture in HM calibration for both explanatory and predictive dimensions of HMs and (iii) a potential added value of considering a
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merged precipitation product to compensate for lack of ground data and sub-optimality of classical state-of-the-art SPPs for streamflow
simulation over mesoscale catchments in the MR. This analysis is crucial in regions where conventional meteorological ground stations
are sparse (e.g., in developing countries, and remote locations).

2. Study areas and datasets

Five catchments are selected around the MR (Fig. 1) based on their catchment size, the data availability as well as the length of the
record and the data quality. The selected catchments are considered mesoscale, with an order of magnitude of the catchment size
around 102-10% km?. This catchment sample is used to investigate the potential added values of high-resolution (1 km, 1 day) pre-
cipitation and soil moisture datasets for hydrological modeling via a lumped parameters approach. The five catchments are Arga river
at Funes station (Spain), Herault river at Laroque station (France), Tiber River at Santa Lucia station (Italy), Medjerda river at Jen-
douba station (Tunisia) and Tafna river at Ben Behdel station (Algeria). In the following the various catchments will be referred to
based on the river names. Table 1 summarizes the main characteristics of the five catchments.

The required dataset counts both forcing data (i.e., precipitation P and potential evapotranspiration PET) as well as observation
data for history matching (i.e., streamflow Q and soil moisture SM). P is considered forcing data while SM is considered for history
matching. The PET time series are computed with the Hargreaves-Samani methods (Hargreaves and Samani, 1982) using the daily
minimum and maximum temperature from ERA5-Land.

2.1. Precipitation

The complete dataset counts height sources of daily precipitation datasets (Table 2), either based on ground-station measurement
or remote sensed: (i) The Global Daily Unified Gauge-Based Analysis of Precipitation (Chen et al., 2008) with a spatial resolution of
0.5°, referred to as CPC. (ii) A land-only gridded daily observational dataset for precipitation based on observations from meteoro-
logical stations over Europe provided by the National Meteorological and Hydrological Services (NMHSs) and other data holding
institutes (Cornes et al., 2018), referred to as E-OBS. (iii) The Global Precipitation Measurement (GPM) consists of a satellite mission in
which data are unified based on the Integrated Multi-satellitE Retrievals IMERG) (Huffman et al., 2019), referred to as IMERG-LR
GPM. The spatial resolution is 0.1° and the temporal resolution is 30 min. Here, the late-run version of the dataset is adopted,
characterized by 12-18 h latency. In this study, the precipitation data were accumulated to obtain daily precipitation measurements.
(iv) The Climate Hazards Group InfraRed Precipitation with Station data, referred to as CHIRPS (Funk et al., 2015) incorporates 0.05°
resolution satellite imagery with ground station data. (v) The Precipitation Estimation from Remotely Sensed Information Using
Artificial Neural Networks-Climate Data Record, referred to as PERSIANN-CDR (Ashouri et al., 2015), incorporates Gridded Satellite
(GridSat-B1) Infra-Red (IR) derived from merging International Satellite Cloud Climatology Project (ISCCP) B1 IR with Global Pre-
cipitation Climatology Project (GPCP) Monthly Analysis Product. The PERSIANN-CDR spatial resolution in 0.25°. (vi) rainfall product
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Fig. 1. Study sites located around the western part of the Mediterranean region. The red squares give the location of the gauging station.
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Table 1

Information about the five catchments. The mean annual precipitation is estimated with CPC, ERA5-Land, IMERG-LR GPM and CPC-GPM-ASCAT time
series. The mean annual potential evapotranspiration is estimated with Hargreaves-Samani (H-S) methods applied on ERA5-Land temperature. The
land cover shown is the MCD12Q1.061 MODIS Land Cover Type 1 Yearly Global 500 m.

Name Catchment area Mean annual Mean annual Main land cover type
(km?) precipitation potential evapotranspiration
(mm/year) (mm/year)

Arga 2755 862 (CPC) 918 (H-S) Croplands (41 %)

Funes 934 (ERA5-Land) Deciduous broadleaf forest (17 %)
(Spain) 1864 (IMERG-LR GPM) Woody savannas (16 %)
838 (CPC-GPM-ASCAT)

Herault 952 786 (CPC) 957 (H-S) Woody savannas (48 %)
Laroque 1168 (ERA5-Land) Savannas (19 %)
(France) 1815 (IMERG-LR GPM) Mixed forest (17 %)

911 (CPC-GPM-ASCAT)

Tiber 929 793 (CPC) 915 (H-S) Woody savannas (37 %)
Santa-Lucia 1020 (ERA5-Land) Deciduous broadleaf forest (20 %)
(Italy) 1795 (IMERG-LR GPM)

962 (CPC-GPM-ASCAT)

Medjerda 2414 637 (CPC) 1284 (H-S) Croplands (78 %)
Jendouba 548 (ERA5-Land) Grasslands (10 %)
(Tunisia) 595 (CPC-GPM-ASCAT)

Tafna 324 254 (CPC) 1294 (H-S) Open shrublands (85 %)
Ben Behdel 404 (ERA5-Land) Grasslands (15 %)
(Algeria) 675 (IMERG-LR GPM)

328 (CPC-GPM-ASCAT)

Table 2

Precipitation products used as forcing data for the lumped parameter hydrological modeling exercise.
Notation Spatial resolution Original Downscaled

(1 km)

CPC 0.5° x x
E-OBS 0.1° X X
IMERG-LR GPM 0.1° X X
CHIRPS 0.05° x
PERSIANN-CDR 0.25° X
SM2RAIN-ASCAT 0.1° X X
ERA5-Land 0.1° X X
CPC-GPM-ASCAT 1 km X

obtained from ASCAT soil moisture (Wagner et al., 2013) through the SM2RAIN algorithm (Brocca et al., 2019, 2014), referred to as
SM2RAIN-ASCAT. The spatial resolution is 0.1°. (vii) The ERA5-Land reanalysis obtained by replaying the land component of the
ECMWEF ERAS climate reanalysis at a 0.1° spatial resolution. (viii) 1km-scale precipitation that integrates CPC, IMERG-LR GPM and
SM2RAIN-ASCAT precipitation datasets (Filippucci et al., 2024). The downscaling procedure is carried out by exploiting data from
CHELSA climatology (Karger et al., 2021) that is used to distribute precipitation at the subpixel scale thus considering orographic
enhancement (Filippucci et al., 2022). The corresponding dataset is referred to as CPC-GPM-ASCAT. In the present study, the various
precipitation products are used either in their native spatial resolution or downscaled at 1 km resolution (Filippucci et al., 2023) so the
overall precipitation datasets counts 13 precipitation datasets accounting for 8 precipitation datasets in their native resolution and 5
downscaled precipitation datasets (Table 2). In the following, the precipitation products are referred to with the given names, while the
downscaled precipitation are referred to by the given name followed by the notation ‘ds’.

2.2. Soil moisture

The complete dataset counts four sources of soil moisture time series (Table 3): (i) The NASA-USDA Enhanced SMAP Global soil
moisture data (Bolten et al., 2010; Entekhabi et al., 2010; Mladenova et al., 2017; Sazib et al., 2018), referred to as SMAP-SMP,

Table 3

Soil moisture products used as calibration data for lumped parameter hydrological modeling.
Notation Spatial resolution Temporal resolution
SMAP-SMP 10 km 1 day
TUWIEN-RT1 1 km 1-3 days
SMAP-Sentinel 3 km 1-3 days
GLEAM-SMroot 0.25° 1 day
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providing soil moisture profile at 10-km spatial sampling with a daily temporal resolution. The dataset is generated by integrating
satellite-derived Soil Moisture Active Passive (SMAP) Level 2 soil moisture observations into the modified two-layer Palmer model
using a 1-D Ensemble Kalman Filter data assimilation approach. (ii) The soil moisture data from Sentinel-1 C-band Synthetic Aperture
Radar backscatter measurements using a radiative transfer modeling framework (Quast et al., 2023, 2019) referred to as TUWIEN-RT1.
The spatial sampling is 500 m, and the temporal resolution is 1-3 days. (iii) The SMAP/Sentinel-1 L2 Radiometer/Radar 30 s Scene
3 km EASE-Grid Soil Moisture (Das et al., 2019), referred to as SMAP-Sentinel that provides estimates of land surface conditions
retrieved by both the Soil Moisture Active Passive (SMAP) and Sentinel-1A and —1B radar. The spatial sampling is 3 km, and the
temporal resolution is 1-3 days. (iv) The simulated root-zone soil moisture derived from the robust evapotranspiration scheme
included in the Global Land Evaporation Amsterdam Model (GLEAM v3) (Miralles et al., 2011), referred to as GLEAM-SMroot. The
latter have shown to be well correlated with runoff coefficient in Europe (Massari et al., 2023) and may support hydrological modeling.
In this study, the soil moisture product are derived from stellite measurement, which nominally represent the moisture content within
the top few centimeter of the soil layer (approximately 0-5 cm). However, the actual sensing depth can vary depending on soil texture,
vegetation cover, and surface wetness conditions, and is often deeper under wet conditions (Feldman et al., 2023). In this study, rather
than applying additional filtering or depth-scaling to the satellite soil moisture time series (e.g., Massari et al., 2015), the original
observation are considered to preserve the temporal dynamics and to avoid the influence of inherent error of the observation into
depth scaling parameters.

Soil moisture time series are built by averaging over the catchment of interest within each available time steps (Fig. 2). In order to
avoid effect of bias in hydrological modeling, the soil moisture time series are normalized for 0-1, assuming that the catchment will
face both dry and wet conditions over the period of interest. The missing time steps are not considered for hydrological modeling to
avoid introducing falsification using interpolation for building continuous daily time series. Then, only available time steps are
considered assuming the overall time series bring sufficient informative content for hydrological model calibration. The four soil
moisture products show pretty close temporal dynamics alternating wet and dry periods, during extended winter and summer,
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Fig. 2. Normalized soil moisture time series over tests sites considering four soil moisture products: SMAP-SMP, TUWIEN-RT1, SMAP-Sentinel and
GLEAM-SMroot.
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respectively. The SMAP-SMP reach the saturation every year for the catchment in northern MR (Arga, Herault and Tiber) showing long
periods of saturation lasting up to months. Both SMAP-SMP and GLEAM-SMRoot show a low variability over short term scales while
Sentinel-1 derived soil moisture (SMAP-Sentinel and TUWIEN-RT1) show significant variability. TUWIEN-RT1 seems to overestimate
soil moisture during summer within both Medjerda and Tafna compared with the other soil moisture products. The overestimation of
soil moisture in semi-arid regions is a well-known issue with soil moisture retrievals from radar data, as described by Wagner et al.
(2024), (2022) for soil moisture retrievals from the Metop Advanced SCATterometers (ASCAT). The study found that sub-surface
scattering when the soil is dry leads to an increase in backscatter, which subsequently leads to high soil moisture in the retrieval
algorithm. It is likely that a similar sub-surface mechanism occurs in the Medjerda and Tafna catchments. As shown in Wagner et al.
(2024) the probability of subsurface scattering is slightly higher in the region of the Tafna and Medjerda catchments. This is observed
in the time series of TUWIEN-RT1 soil moisture, where in the Tafna catchment shows a distinct increase in soil moisture during the dry
summer period, whereas in the Medjerda catchment this is less pronounced.

3. Methodology
3.1. Hydrological models (HMs)

Fig. 3 shows the model structure for each of the four hydrological models (HMs) used in this study: (i) GR4J (Perrin et al., 2003), (ii)
HBV (Bergstrom, 1992), (iii) HYMOD (Boyle et al., 2003; Moore, 1985) and (iv) MILc (Massari et al., 2018). These HMs have been
widely used in hydrology and show pretty parsimonious patterns with a reasonable number of parameters (between 4 and 9 pa-
rameters). HMs are considered in a lumped approach, assuming a catchment scale water balance between P, ET, and flow routine
within the model structure. Each model accounts for a soil moisture store, allowing the transformation of the meteorological forcing (i.
e., P and PET) into net precipitation that infiltrates. HMs allow us to estimate the actual evapotranspiration (AET) based on the water
balance computed at each time step. Table 4 summarizes the HMs model parameter as well as the range of the parameter space to
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Fig. 3. Lumped parameter hydrological models: GR4J, HBV, HYMOD and MILc.
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Table 4
Model parameters for hydrological models GR4J, HBV, HYMOD and MILc. Units are given for application of hydrological modeling on a daily
temporal resolution.

Model Parameter Lower bound Upper bound Unit Description
GR4J X1 100 1200 mm maximum capacity of the production store
X2 -5 3 mm groundwater exchange coefficient
X3 20 300 mm one day ahead maximum capacity of the routing store
X4 1.1 2.9 day time base of unit hydrograph UH1
HBV BETA 1 6 mm exponential parameter in soil routine
LP 0.3 1 - evapotranspiration limit
FC 50 2000 mm field capacity
PERC 0 6 mm/day maximum flux from Upper to Lower Zone
KO 0.05 0.99 mm/day near-surface flow coefficient
K1 0.01 0.8 mm/day upper Zone outflow coefficient
K2 0.001 0.15 mm/day lower Zone outflow coefficient
UZL 0 100 mm near-surface flow threshold
MAXBAS 1 3 day flow routing coefficient
HYMOD Cmax 0 1000 mm maximum storage capacity
bexp 0 2 - degree of spatial variability of the soil moisture capacity
alpha 0.2 0.99 - factor distributing the flow between slow and quick release reservoirs
Rs 0.15 1.2 day residence time of the slow-release reservoir
Rq 0.01 0.15 day residence time of the quick release reservoirs
MILc w, 0 1 - initial conditions, fraction of W,
Wmax 50 1000 mm field capacity
m 2 10 - exponent of drainage
Ks 0.1 100 mm/day coefficient for infiltration and drainage
v 0 2 - fraction of drainage versus interflow
y 0.5 3.5 - coefficient lag-time relationship
Kc 0.4 2 - parameter of potential evapotranspiration
a 1 15 - runoff exponent
Ab 0.5 5 - coefficient for Nash instantaneous Unit Hydrograph

investigate for the parameter estimation. These parameter ranges are given as prior for HM calibration regarding any combination of
catchment, precipitation, and soil moisture datasets. Such a procedure allows the avoidance of bias related to the modeler’s prior
knowledge as well as limiting impacts of epistemic errors while investigating physical constraints on parameter range. The suggested
parameter range is derived from literature (Table 4).

The GR4J model (Perrin et al., 2003) is a daily lumped parameter model with four parameters and consists of a production store and
a routing store. The time lag between precipitation and streamflow is governed by two unit-hydrographs. The four model parameters
are the maximum capacity of the production store (X1), a groundwater exchange coefficient (X2), the maximum capacity of the routing
store (X3), and the time base of the unit hydrograph (X4). The precipitation P and potential evaporation PE are subtracted after
interception to estimate the net rainfall P, and the net evapotranspiration E,,.

The HBV model (Bergstrom, 1992) is originally a semi-distributed hydrological model, implemented here as a lumped parameter
model, considering an unsaturated zone, an upper compartment and a lower compartment. The snow module is not considered since
the study focuses only on precipitation-driven catchments. Therefore, the lumped HBV model used in this study counts nine param-
eters: the exponential parameter in soil routine (f3), the evapotranspiration limit (LP), the field capacity (FC), the maximum flux from
Upper to lower zone (PERC), the near-surface flow coefficient (k0), the upper Zone outflow coefficient (K1), the lower Zone outflow
coefficient (K2), the near-surface flow threshold (UZL) and the flow routing coefficient (MAXBAS).

The HYMOD model (Quan et al., 2015) is a daily lumped parameter model based on the theory of runoff yield under excess
infiltration. The HYMOD model counts five parameters: the maximum storage capacity (Cmax), the degree of spatial variability of the
soil moisture capacity (Bexp), the factor distributing the flow between slow and quick release reservoirs (a), the residence time of the
slow-release reservoir (Rs) and the residence time of the quick release reservoirs (Rq).

The MISDc model (Brocca et al., 2011; Massari et al., 2018) is originally a semi-distributed hydrological model, implemented here
as a lumped parameter model, denoted MILc. The latter counts nine parameters: field capacity (Wpax), initial conditions, as a fraction
of Wiay (Wp), the exponent of drainage (m), the coefficient of infiltration and drainage (Ks), the fraction of drainage versus interflow
(v), the coefficient lag-time relationship (y), the parameter of potential evapotranspiration (Kc), the runoff exponent («) and the Nash
Instantaneous Unit Hydrograph (Ab).

3.2. Considering soil moisture in hydrological models

Soil moisture has been identified as a relevant proxy for hydrological behavior at the catchment scale, especially for runoff co-
efficient (Camici et al., 2022; Massari et al., 2023) as well as a precursor for flood events (Manoj J et al., 2023). Therefore, accounting
for soil moisture in hydrological modeling has shown a significant added value for hydrological model performance and consistency
(Alfieri et al., 2022; Koren et al., 2008; Shahrban et al., 2018; Wooldridge et al., 2003). As suggested by Shahrban et al. (2018), the
simulated soil wetness SWi, (%) is estimated for each time step t from the conceptual soil water store of HMs using:
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M.
SWiim = % x 100 1)

max

where SM;m ; is the simulated soil moisture (mm) at time step t and Spq is the soil water storage (mm) in the HM. Therefore, Syqx can
be related to X1 in the GR4J model, FC in the HBV model, Cmax in the HYMOD model and W,,,qx in the MILc model. Then, the simulated
soil wetness can be compared to the various normalized soil moisture datasets (SMAP-SMP, TUWIEN-RT1, SMAP-Sentinel and GLEAM-
SMroot, Fig. 2). The four HMs used in this study are based on a conceptual approach so the soil moisture helps constraining the
temporal dynamic of the soil moisture store saturation but cannot be considered in terms of water volume. Nonetheless, temporal
variability of soil moisture (and soil wetness in HMs) is hypothesized to be informative enough in order to support HMs calibration and
counterbalance potential effect of errors in the precipitation time series. To evaluate this hypothesis, HMs are calibrated for any
combination of precipitation and soil-moisture datasets.

3.3. Hydrological models calibration strategy

Bayesian inversion aims to approximate a posterior probability distribution on the parameter space and incorporates the noise in the
measured discharge data as uncertainty in the estimated parameter distribution. The starting point in Bayesian inversion is a prior
probability distribution that serves as a first guess on the distribution of the model parameters without considering any observations.
This choice is often driven by intuition or expert knowledge. Here the prior is assumed as a uniform distribution bounded by a
parameter space derived from the literature (Table 4). Observed and simulated system variable vectors are defined respectively by:

D ={Dy,D,,...,D,,...,Dy} 2

D' ={D;.D;,....D;,....Dy} ®

The likelihood function of model parameter ensemble P given the observations is represented by L(P|D) which is defined by a
normal likelihood function calculated for each simulator based on the agreement between the observed D and simulated system
variable D*, here it is either streamflow or soil moisture time series or both, with a given precision z:

L(PID,7) = \/Z:Tﬂexp{;(p - D*)Z} @

The error residuals are assumed normally distributed (mean=0 and standard deviation=>5 % of the mean of the simulated time
series). The system variable to be predicted is defined by A and with a distribution given by:

paip) = >~ p(a v D) )

In the case of parameter estimation, A is an element of observation vector D.

In this study, we use the a Metropolis-Hastings algorithm (Hastings, 1970) as an implementation of the Marcov Chain Monte Carlo
(MCMC) sampling algorithm with the python package pyMC (Salvatier et al., 2016). The simulated time series used for the analysis
consists of the meaning of an ensemble of 1000 simulated time series retrieved from the sampling of the posterior parameters’ dis-
tributions. Then, the simulated time series considers an ensemble of model parameters. This avoids misinterpretation due to local
optima and suggests better robustness of the HMs model performance. The methodology is applied for any combination of HM and
precipitation dataset considering (i) only streamflow time series as observations and (ii) both streamflow and soil moisture time series
as observations.

Due to data availability as well as for the sake of suitable model performance comparison using the various precipitation and soil
moisture datasets, the calibration period is set from 01,/08/2015-31/12/2021 (6 years and 5 months). This allows us to capture the
variability within several hydrological years. All the variables of interest are available for the calibration periods except the soil
moisture TUWIEN-RT1 starting from 2017. In this study we are not interested in the predictive capability of the different model,
forcing and parameter configurations but on the impact of their uncertainty on the streamflow. Therefore, we have focused only on a
calibration period (Arsenault et al., 2018). To understand the predictive performance of the different configurations data acquisition
over a longer period will be necessary to perform classical split sample test (Klemes, 1986).

3.4. Model performance evaluation

The metrics used for hydrological model calibration and evaluation are mainly based on the comparison between observed and
simulated time series (Bennett et al., 2013; Ferreira et al., 2020; Hauduc et al., 2015; Jackson et al., 2019). To assess different aspects of
the model performance, it is recommended to adopt a multi-objective model evaluation with a combination of different performance
criteria (Huo and Liu, 2020; Monteil et al., 2020) since none of the existing metrics can reflect the overall rating behavior of humans
(Gauch et al., 2022). Therefore, additional evaluation procedures may help to better capture how the model errors are structured in
space (Thébault et al., 2023) and time (Molero et al., 2018). Here, the spatial patterns of model errors are not considered since the
lumped parameters approach is considered for hydrological modeling. Among other performance criteria, the bounded version of the
widely used Nash Sutcliff Efficiency (Mathevet et al., 2006; Nash and Sutcliffe, 1970) is used:
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Where xgim and X, are respectively the simulated and the observed times series. The NSE compares the model performance of the
model with the performance of a naive predictor, which is the mean of the observed time series. The NSE_c2m offers the same
benchmark, allowing us to discriminate if model performance is better than the naive predictor when NSE_c2m > 0. Also, one should
note that the suggested transformation leads to an NSE_c2m less optimistic for the positive values (Mathevet et al., 2006) but also
reduce the data spreading with the negative NSE values. Using the NSE_c2m allows a more significant analysis on large number of
model evaluations.

To investigate how the model errors are structured in time, the wavelet multiresolution analysis (MRA) is applied to project the
streamflow time series on an orthogonal basis of wavelet and scale functions (Labat et al., 2000; Mallat, 1989). The basis is generated
from a filter band following a dyadic scale, from 2 days (high frequency) up to 32 days (low frequency). The projection allows building
for each temporal scale of the dyadic scale the component of the signal that explains the variability at this scale. The decomposition is
orthogonal and therefore the sum of all components (details and residue) gives back the initial signal. Sivelle et al. (2022) applied MRA
on both observed and simulated spring discharge time series of three karst catchments. By computing error metrics for each temporal
scale, the author investigate how the structure of the model errors can be affected by the various modeling hypothesis. Here, the same
procedure is performed to investigate how accounting for the various precipitation and soil moisture datasets affects the model errors
across the various temporal scales. In the present study, the Pearson’s correlation (Freedman et al., 2007) is considered to evaluate the
simulated streamflow time series across the various temporal scales.

4. Results
4.1. Preliminary streamflow analysis

The five catchments share some relevant characteristics in terms of hydrological behavior (Fig. 4). First, the seasonality of the
streamflow shows a characteristic "Mediterranean" pattern with a dry period during June-September and a wet season during the
extended winter. The streamflow is not affected by snow melting at the end of the winter period. Also, the auto-correlation function
ACF (Box et al., 2008) computed on the daily streamflow time series testify of quite low inertia of the hydro-system with a complete
loss of the auto-correlation after around two months, showing that no long-term groundwater contribution can affect the river
streamflow. Based on the cross-correlation function (CCF) analysis, the response time of each catchment has been estimated at around
1-2 days allowing a relevant time-space dimension to evaluate various precipitation datasets for lumped parameter hydrological
modeling on a daily temporal resolution.

4.2. Precipitation evaluation

Fig. 5 shows the monthly cumulative precipitation and the cumulative probability distribution of the daily precipitation rate above
the 95th percentile computed with the various precipitation datasets. IMERG-LR GPM overestimates the daily precipitation above the
95th percentile while the IMERG-LR GPM ds shows better agreement with observation (either CPC or E-OBS) for Herault and Tafna, or
with CHIRPS for Arga and Medjerda. Both native and downscaled IMERG-LR GPM overestimates precipitation above the 95th
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Fig. 4. Basic streamflow time series analysis for the catchment selection: (left) seasonality with centered reduced data (CRD) of the streamflow time
series and (right) the auto-correlation function (ACF) computed with the daily streamflow time series.
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Fig. 5. Analysis of the various precipitation datasets: (left) monthly cumulative precipitation and (right) cumulative probability distribution of the
daily precipitation rate above the 95th percentile for the various precipitation datasets for each catchment.
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percentile for Tiber. Then, downscaling IMERG-LR GPM seems to limit the overestimation of precipitation, regarding both precipi-
tation seasonality and high precipitation events. Conversely, SM2RAIN-ASCAT underestimates the daily precipitation above the 95th
percentile while the downscaling leads to a more significant underestimation. Also, the downscaling for ERA5-Land, E-OBS and CPC do
not affect so much the daily precipitation above the 95th percentile.

4.3. Precipitation versus hydrological model performance

The first evaluation investigates how model performance is affected by the selection of both HM and precipitation datasets. Here,
only the streamflow time series are considered as observation to perform the parameter estimation. Fig. 6 shows the boxplots of the
model performance depending on the HM (including each of the precipitation datasets) as well as depending on the precipitation
dataset (including each of the HM). The various HMs show a certain range of model performance when accounting for uncertainties
related to the forcing precipitation datasets as well as parametric uncertainties. Regarding Herault and Tiber, the median of NSE_c2m
with both HYMOD and MILc models outperforms GR4J and HBV while the maximum values look pretty close except with HBV
showing lower model performance. Regarding Arga and Medjerda, the median of NSE_c2m do not show big difference while GR4J and
HBYV outperform regarding the maximum NSE_c2m value. Regarding both Tiber and Tafna, the model performance for GR4J, HBV and
HYMOD ranges down to negative values (i.e. showing predictive skills lower than the naive predictor of the NSE criteria) while MILc
model generally shows smaller range of performance compared with the other model also avoiding negative NSE_c2m values on each
of the five test catchments. One should note the very poor performance for Tafna catchment, likely the most arid one, where daily data
is probably not adapted to capture hydrological dynamics. Also, in this mountainous basin with a lot of erosion, the daily discharge
data may not be very accurate if the rating curves are not updated regularly (Rachdane et al., 2024).

The model performance using various precipitation datasets ranges from poor NSE_c2m values with IMERG-LR GPM to satisfac-
torily NSE_c2m values using either ERA5-Land, CPC or E-OBS precipitation datasets. Ranking the various precipitation datasets (Fig. 7)
shows that precipitation datasets derived from observations (i.e., CPC and E-OBS) or reanalysis (ERA5-Land) are ranked first while SPP
are generally ranked among the latest precipitations products. The SM2RAIN-ASCAT products generally show the best ranking among
the SPP while the aggregated product CPC-GPM-ASCAT shows ranking in between SSP and observations/reanalysis precipitation
datasets. The CPC-GPM-ASCAT allows to reach model performance close to observation/reanalysis precipitation datasets (Fig. 6).
Indeed, the maximum NSE_c2m value obtained using CPC-GPM-ASCAT outperforms any other SPPs on each of the five test catchments.
One should note that for both Tiber and Medjerda rivers the CPC-GPM-ASCAT outperforms ERA5-Land.

4.4. Investigating the multi-scale structure of model errors

The orthogonal wavelet decomposition is performed on both observed and simulated streamflow time series and allows evaluating
the correlation across the various temporal scales following a dyadic scale (Fig. 8). As already mentioned, the streamflow prediction
using observation precipitation datasets outperforms the streamflow prediction using SPP datasets. Using CPC, E-OBS and ERA5-Land
precipitation datasets allow the correlation between observed and simulated streamflow to stay high across temporal scales. Herault
and Tiber show pretty similar patterns, with a progressive increase of the correlation when increasing temporal scale. The CPC, E-OBS
and ERA5-Land outperform SPP across the temporal scale from 2 days to 16 days while SPPs show lower correlations as well as a very
low correlation for the short temporal scales. In accordance with the previous evaluation, CPC-GPM-ASCAT shows correlation in
between SPPs and either gauge based or reanalysis derived precipitation products. The correlation across scales shows a pattern close
to the one observed with the CPC within every catchment as well as similar pattern with IMERG-GPM LR for every catchment except
Tafna. Regarding Tafna, CPC-GPM-ASCAT and CPC show a V-shape curve with a local minimum on 8-days scale while IMERG-GPM LR
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Fig. 7. Ranking of the precipitation datasets evaluated with four HMs. The ranking is derived from the mean NSE_c2m computed with simulated
hydrographs by sampling the posterior distribution with the four HMs.
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Fig. 9. Boxplot of the NSE_c2m considering various precipitation datasets (CPC, ERA5-Land, IMERG-LR GPM and CPC-GPM-ASCAT) combined with
soil moisture accounting with the four products (SMAP-SMP, GLEAM-SMroot, TUWIEN-RT1 and SMAP-Sentinel). The benchmark is computed with
the mentioned precipitation products considering the four hydrological models. The benchmark does not consider soil moisture during the
parameter estimation procedure.
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shows local minimum on 4-days scale. Therefore, the multi-scale structure of model errors for streamflow simulations using CPC-GPM-
ASCAT appears to be more related to CPC and SM2RAIN-ASCAT rather than IMERG-LR GPM. While the correlation tends to increase
with the increasing temporal scale, the multi-scale structure of model errors over Medjerda river appears stable across the various
temporal scales with CPC and CPC-GPM-ASCAT. One should note that CHIRPS outperforms other SPPs for Medjerda and shows
performance close to CPC and CPC-GPM-ASCAT.

4.5. Considering soil moisture for hydrological model calibration

To investigate the potential added value of considering soil moisture in hydrological modeling, the parameter estimation is per-
formed (i) considering streamflow time series only (benchmark) and (ii) considering both the streamflow and soil moisture time series
taking into account any combination of the eight precipitation and four soil moisture datasets. Fig. 9 shows the box plot of NSE_c2m
computed on streamflow when using each of the four soil moisture datasets combined with the following forcing precipitations
products: CPC (observation), ERA5-Land (reanalysis), IMERG-LR GPM (satelite) and CPC-GPM-ASCAT (merged). The complete results,
including the eight precipitation product is given as supplementary material. Regarding Arga, Herault and Tiber rivers, the results
shows that using both SMAP-SMP and GLEAM-SMroot degrades the model performance while using either TUWIEN-RT1 or SMAP-
Sentinel shows model performance close to the benchmark. Regarding the Medjerda, using SMAP-SMP and SMAP-Sentinel reach
model performance close to the benchmark while using GLEAM-SMroot and TUWIEN-RT1 reach lower model performance. Consid-
ering the various test sites as well as considering IMERG-LR GPM precipitation dataset, both TUWIEN-RT1 and SMAP-Sentinel out-
performs the model performance when using SMAP-SMP or GLEAM-SMroot. Also, using SMAP-Sentinel combined with IMERG-LR
GPM can outperforms benchmark regarding Tiber and Tafna although the IMERG-LR GPM offers poor model performance. In a general
way, using TUWIEN-RT1 and SMAP-Sentinel show a lower spread of the model performance in comparison with SMAP-SMP and
GLEAM-SMroot. For instance, when using CPC precipitation over Arga, the model performances range from NSE_c2m around 0.1-0.5
when using SMAP-SMP or GLEAM-SMroot, while the model performances range from NSE_c2m around 0.4-0.5 when using TUWIEN-
RT1 and GLEAM-SMroot. Nonetheless, TUWIEN-RT1 show a significant decrease of NSE_c2m when combined with either CPC, ERA5-
Land and CPC-GPM-ASCAT. Indeed, the benchmark show positive values, around 0.2 but reach negative values when combined with
TUWIEN-RT1. Conversely, IMERG-LR GPM show really poor benchmark performance (negative value of NSE_c2m) while it may reach
positive value when combined with TUWIEN-RT1, and so appears to compensate the inconsistency of the GPM-IMERG LR precipitation
over this catchment. Finally, regarding Arga, Herault, Tiber and Medjerda, the modeling results using Sentinel-1 derived soil moisture
appears more consistent with the benchmark regardless the forcing precipitation (either observation, reanalysis, satellite or merged).
Conversely, regarding Tafna, the Sentinel-1 derived soil moisture products bring contradictory results where the soil moisture ac-
counting degrades the simulation in case the benchmark brings predictive skills (positive NSE_c2m value) but can improve the
simulation when the benchmark is very low.

5. Discussion

In this study, thirteen precipitation products (eight precipitation among which five have been downscaled to 1 km of spatial
resolution) and four soil moisture products are combined in a multi-model workflow to investigate the predictive uncertainties in
hydrological modeling in the MR. The modeling exercise provides streamflow simulation results considering various source of pre-
cipitations (observations, satellite, reanalysis and merged) as well as various satellite soil moisture products. On one hand, the various
precipitation datasets are used as forcing data for HMs, while, on the other hand, the various soil moisture datasets are used for HM
calibration. The selection of both precipitation and soil moisture datasets for the above-mentioned application constitutes a key point
for hydrological modeling since using various datasets leads to significant variability in terms of hydrological model performance.
Also, to avoid misinterpretation related to the potential compensation between precipitation and HMs, the present study introduces a
multi-model and multi-parameter methodology using a Bayesian inversion framework. Then, the predictive performance can be
assessed through a statistical distribution rather than a single optimum (i.e., a single HM with a single set of optimal parameters) and so
provide better robustness for the evaluation of the various precipitations and soil moisture datasets. Among a large number of datasets,
finding a suitable precipitation dataset for a given application is not straightforward and requires an evaluation exercise. In this study,
the evaluation is performed using lumped parameter hydrological modeling for Mediterranean catchments characterized as mesoscale,
rainfall-driven, with short response time and typical Mediterranean regime with dryness during the summer period. Nonetheless, the
proposed methodology can be easily replicated, providing an ensemble of precipitation and soil moisture products is available. One
should mention that using SSPs in hydrological modeling of large scale hydrosystems has been widely done over the past decades. The
developments of new high (or hyper) resolution product of the water cycle component will be helpful to envisage applications on small
to mesoscale catchments; the latter constitutes one of the challenges for spatial hydrology, with development of dedicated mission for
better spatial resolution of observation of surface water bodies (e.g., SWOT mission) and international initiative for a better description
of the terrestrial water cycle (Brocca et al., 2024).

The various precipitation datasets are considered as forcing data for hydrological modeling, considering widely used precipitation
datasets either observation based (E-OBS, CPC), satellite derived (IMERG-LR GPM, CHIRPS, PERSIANN-CDR, SM2RAIN-ASCAT) or
derived from reanalysis (ERA5-Land) and the newly developed aggregated precipitation products CPC-GPM-ASCAT (Filippucci et al.,
2023). The results show that E-OBS, CPC and ERA5-Land generally outperform the satellite derived precipitation products, reaching
satisfactorily results in terms of model performance. This is not observed within Medjerda river where CHIRPS offers model perfor-
mance comparable to CPC, with NSE_c2m ranging from 0.4 to 0.8. One should also note that on Medjerda CHIRPS, PERSIANN-CDR and
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IMERG-LR GPM outperform ERA5-Land that gives NSE_c2m around 0.5. The evaluation of precipitation products based on hydro-
logical modeling shows that the CPC-GPM-ASCAT precipitation products is mostly ranked in between satellite derived precipitation
and either gauge based or reanalysis precipitation products.

The results show that downscaling precipitation products from native resolution to 1 km of spatial resolution does not significantly
affect the lumped parameter hydrological model performance when considering E-OBS, CPC, ERA5-Land and SM2RAIN-ASCAT.
Conversely, downscaling IMERG-LR GPM affects the model performance in a positive way for Arga, Tiber and Tafna while it affects
in a negative way for Herault and Medjerda. One should note that downscaling brings better results over test sites in which the original
IMERG-LR GPM precipitation brings poor simulations results, with negative NSE_c2m values. Therefore, downscaling precipitation
product for lumped parameter hydrological modeling appears not improving streamflow simulation results overs the five test sites.
Nonetheless, the merged CPC-GPM-ASCAT product (merging downscaled CPC, IMERG-LR GPM and SM2RAIN-ASCAT) may out-
performs ERA5-Land precipitation (Tiber and Medjerda) and still outperforms satellite precipitation products (both original and
downscaled).

Investigating the multi-scale structure of model errors accounting for the various precipitation products helps to better capture how
the aggregated product CPC-GPM-ASCAT includes the informative content of every single CPC, IMERG-LR GPM and SM2RAIN-ASCAT
precipitation products. Such an analysis allows a deeper understanding of how hydrological modeling may benefit from aggregated
precipitation products. Herault, give a pretty clear example for the distribution of informative content of precipitation products across
temporal scales, ranging from poor predictive skills among 2-days scale (correlation close to 0 with IMERG-LR GPM) to high predictive
skills among the 16-days scale in between SM2RAIN-ASCAT and CPC (with correlation around 0.8), while IMERG-LR GPM shows
significantly lower predictive skills among the 16-days scale (with correlation around 0.3). Then, such an assessment of multi-scale
hydrological model errors forced with various precipitation products as well as merged precipitation products may help to better
investigate how the merged products may include the informative content of precipitation and their influence on streamflow
simulation.

Also, considering soil moisture within the parameter estimation procedure has shown great interest in reducing the range of
predictive uncertainties even if the overall model performance over streamflow time series can be a little decreased (due to pareto
optimality between model performance on streamflow and soil moisture time series). Then, in most cases, using Sentinel-1 derived soil
moisture products (i.e., TUWIEN-RT1 and SMAP-Sentinel) shows predictive performance close to the benchmark and shows a
significantly decreased spread of the model performance on streamflow time series. The conclusion about using Sentinel-1 derived soil
moisture relies here on using various source of precipitation products, various lumped parameters HM accounting for both structural
and parametric uncertainties. Results shows promising perspectives for using Sentinel-1 derived soil moisture in hydrological
modeling. In this study, the comparison with SMAP-SMP and GLEAM-SMroot have evidenced discrepancies between the temporal
variability of soil moisture and the saturation of the soil moisture store, while both products offers daily temporal resolution with a
coarser spatial resolution compared with Sentinel-1 derived soil moisture. Then, despite discontinuous daily chronicles using Sentinel-
1 derived soil moisture appears more consistent with the saturation of soil moisture store of four hydrological models. This might
testify of the advantages of a higher spatial resolution against temporal resolution. Nonetheless, Sentinel-1 derived soil moisture
limitation has been identified for application over semi-arid area and so negatively impacts the streamflow simulation for Tafna
catchment.

6. Conclusion

While large-scale hydrology largely benefited from EO systems development in the past decades, the small and mesoscale appli-
cations did not take advantage of it due to the coarse resolution of satellite-derived estimation of the various components of the
continental water cycle. In this study, the results showed that lumped parameter hydrological modeling over mesoscale catchments in
the Mediterranean region can take advantages of Sentinel-1 derived soil moisture (spatial resolution of 1 km). Conversely, down-
scaling precipitation products to 1 km of spatial resolution do not impact significantly the streamflow simulation compared with
original precipitation products. However, the merged CPC-GPM-ASCAT product (spatial resolution of 1 km) outperforms SPPs
(CHIRPS, PERSIANN-CDR, SM2RAIN-ASCAT and IMERG-LR GPM) and may outperforms ERA5-Land reanalysis in some cases. More
investigations are required to assess to which extent hydrological modeling over small and mesoscale hydro(geo)logical systems can
benefit from high-resolution products of the various components of the continental water cycle. The present study assessed some high-
resolution precipitation and soil moisture products in comparison with widely used products at a coarser spatial resolution and do not
consider uncertainties related to evapotranspiration. Such a methodology might be applied to assess the potential added value of high
resolution of evapotranspiration products that will developed in the coming years (e.g., TRISHNA mission Lagouarde et al., 2018 and
SBG mission Cawse-Nicholson et al., 2021).

The proposed methodology opens interesting perspectives for various applications in hydrology. It allows investigating how HMs
may compensate for bias in forcing data (i.e., precipitation and evapotranspiration) as well as identifying an optimal combination of
HM and SPP for streamflow predictions over a sample of gauged catchments. The combination of streamflow predictions relying on
several HMs and SPPs may help to provide more reliable streamflow prediction over ungauged catchments and a deeper assessment of
hydrological model uncertainties. Such a methodology might be developed for uncertainties attribution in hydrological modeling
chains, allowing a better evaluation of model performance on streamflow as well as a better assessment of predictive uncertainty. This
constitutes a key challenge for prospective exercise under both anthropogenic and climate change impacts, where using robust hy-
drological modeling chains is required to ensure the reliability of streamflow simulation with changing environment.
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