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 A B S T R A C T

Accurate and high-resolution hydrological models are crucially needed, especially for important socioeconomic 
issues related to floods and droughts, but are faced with data and model uncertainties which can be 
reduced by maximizing information integration from multisource data. This work focuses on improving the 
integration of satellite and in situ land surface data into spatially distributed hydrological models. The Hybrid 
Data Assimilation and Parameter Regionalization (HDA-PR) approach incorporating learnable regionalization 
mappings, based on neural networks into the differentiable spatially distributed hydrological model SMASH, 
is modified to account for satellite-based moisture maps in addition to discharge at gauging stations and basin 
physical descriptors maps. Regional optimizations of a spatially distributed conceptual model are performed 
on a flash-flood-prone area located in the South of France, and their accuracy and robustness are evaluated in 
terms of simulated discharge and moisture against observations. In general, the integration of satellite-derived 
soil moisture data alongside traditional observed streamflow measurements during calibration procedures has 
demonstrated notable improvements in hydrological performance, both in terms of simulated discharge and 
moisture. This is achieved thanks to an improved learning of regionalization of model conceptual parameters 
with HDA-PR integrating satellite-based moisture through the RMSE metric adapted to a spatially distributed 
model with variational data assimilation. This study provides a solid foundation for advanced data assimilation 
of multi-source data into learnable spatially distributed differentiable geophysical models.
1. Introduction

Water is the lifeblood of our Earth, supporting ecosystems and 
human societies alike (Kherazi et al., 2024). With the intensification of 
climate change, the need for precise and reliable forecasts of hydrolog-
ical states and flows has never been more critical (Fowler et al., 2021; 
Ficklin et al., 2022; Guerreiro et al., 2018). Accurate hydrological pre-
dictions are essential for the effective management of water resources, 
societal resilience, and the mitigation of natural disasters (Lavers et al., 
2020; Bou-Fakhreddine et al., 2018; Kim et al., 2024). Flash floods, 
characterized by their rapid onset and devastating impact, highlight 
the need for advanced modeling techniques that integrate diverse data 
sources to improve forecast precision and reliability (Marchi et al., 
2010).

The advent of increasing multisatellite data presents unprecedented 
opportunities to improve our understanding and prediction of hydro-
logical processes (McCabe et al., 2017). Satellite observations provide 

∗ Corresponding authors.
E-mail addresses: mouad.ettalbi@aiway.fr (M. Ettalbi), pierre-andre.garambois@inrae.fr (P.-A. Garambois).

comprehensive and high-resolution data on various hydrological vari-
ables (Brocca et al., 2023), such as soil moisture (Peng et al., 2021), 
precipitation (Schneider et al., 2013), and land surface characteris-
tics (Köhler and Kuenzer, 2020). However, the volume and complexity 
of these data necessitate the development of powerful data-model 
fusion methods to effectively assimilate this information into hydro-
logical models. Advanced data assimilation techniques, which integrate 
satellite with model predictions, are essential to reduce uncertainties 
and improve the accuracy of forecasts (Reichle, 2008). However, in-
tegrating models with observational data is fraught with complexities 
and challenges, primarily due to various sources of uncertainty. These 
uncertainties arise from errors in both the data and the models them-
selves (Renard et al., 2010). Data errors can stem from measurement 
inaccuracies, spatial and temporal inconsistencies, and sensor limita-
tions (Mcmillan et al., 2022). Model errors, on the other hand, often 
result from structural inadequacies and the inherent empirical nature 
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Table 1
Summary of the literature review on studies assimilating satellite-derived soil moisture data for parameter estimation in hydrological models for flood forecasting.
 Reference Model Data used Assimilation algorithm Calibration metric Model resolution  
 Tramblay et al. (2010) SCS–CN SIM-ISBA Nelder–Mead Initial conditions 30min-lumped  
 Wanders et al. (2014) LISFLOOD AMSR-E, SMOS, and ASCAT EnKF Covariance Daily-12.5 km  
 Cenci et al. (2017) Continuum Sentinel 1 and ASCAT Parallel search Nudging Hourly-100 m  
 Massari et al. (2018) MISDc ASCAT EnKF Covariance Daily-lumped  
 Zhou et al. (2020) VIC SMAP Newton–Raphson Bias correction Daily-5 km  
 Yi et al. (2021) WRF-TOPX SMAP 4D-Var Covariance Hourly-1 km  
 Jadidoleslam et al. (2021) HLM SMOS and SMAP EnKF Covariance Hourly-semi-distributed 
 Meyer Oliveira et al. (2021) MGB SMOS MOCOM-UA Averaged KGE Daily-lumped  
 Le et al. (2022) SWAT SMAP EnKF Covariance Daily-1 km  
 Chao et al. (2022) WRF-Hydro SMAP, SMOS, AMSR2, and Fengyun EnKF Bias correction Hourly-1 km  
 Alfieri et al. (2022) Continuum Sentinel-1 Parallel search Nudging Hourly-1 km  
 Ding et al. (2022) MISDc CLDAS-BPNN EnKF Covariance Daily-lumped  
 Wakigari and Leconte (2023) HYDROTEL SMAP DDS Direct insertion Daily-semi-distributed  
 Li et al. (2023) GBHM SMAP ESTKF Bias correction Daily-600 m  
 Bechtold et al. (2023) Noah-MP-Hymap Sentinel-1 backscatter EnKF Forward operator Daily-1 km  
of many hydrological models (Messina et al., 2008), which are based on 
approximations and assumptions due to an incomplete understanding 
of the underlying physical laws (Beven, 1987). Moreover, due to the 
sparsity of constraining discharge observations with respect to the spa-
tially distributed parameters to estimate, satellite moisture, which is a 
partial but spatialized observation of catchment hydrological response 
is interesting in view of reducing the uncertainty of the modeling. 
The data assimilation process in hydrology is further complicated by 
the wide range of possible solutions and the heterogeneous nature of 
hydrological systems (Houser et al., 2012). Empirical models frequently 
exhibit significant variability in their predictions, reflecting the vast 
parameter space and the diverse environmental conditions they attempt 
to simulate (Koo et al., 2020). This variability underscores the need 
for robust assimilation techniques that can handle these uncertainties 
and effectively integrate disparate data sources to improve model ac-
curacy and reliability. Data assimilation is a constantly evolving field 
that works to bridge the gap between, for example, the complexities 
of real-world hydrology and the predictive power of computational 
models (Castelli, 2023). It is an area that draws on a wide range of 
methods and data sources with the aim for better understanding and 
forecasting the behavior of water systems in all their complexity (see 
Table  1).

Soil moisture data is a critical component of hydrological modeling, 
influencing numerous hydrological and climatic processes (Reichle, 
2008). This data is obtained through a variety of sensors and platforms, 
including ground-based captors and advanced satellite missions such as 
Sentinel (Baghdadi et al., 2001; Zribi and Dechambre, 2003; El Hajj 
et al., 2017), SMOS (Soil Moisture and Ocean Salinity) (Kerr et al., 
2001), and SMAP (Soil Moisture Active Passive) (Entekhabi et al., 
2010). These satellites deliver high-resolution, global measurements, 
while ground-based sensors provide localized, high-frequency data es-
sential for the validation and calibration of satellite observations. In 
parallel, land surface models (LSMs) such as VIC (Variable Infiltration 
Capacity) (Liang et al., 1994), Noah-MP (Multi-Parameterization) (Niu 
et al., 2011), and CLM (Community Land Model) (Lawrence et al., 
2019) synthesize hydrological and meteorological data to simulate soil 
moisture dynamics. By integrating observational data with advanced 
algorithms, these models estimate soil moisture and other land surface 
variables more accurately, thereby improving hydrological forecasts.

The assimilation of satellite-derived soil moisture data into hydro-
logical models has been shown to significantly improve the calibration 
of model parameters, reducing uncertainties and improving the sim-
ulation of hydrological processes (Wanders et al., 2014; Jadidoleslam 
et al., 2021). This approach is particularly beneficial for improving the 
accuracy of runoff predictions and flood forecasting (Massari et al., 
2018; Chao et al., 2022). Furthermore, the integration of remote sens-
ing data has proven valuable in addressing challenges in ungauged or 
sparsely gauged regions, where traditional ground-based measurements 
2 
are limited (Dembélé et al., 2020). Recent advances in remote sens-
ing technologies, such as the use of Sentinel-1, SMAP, and AMSR-E, 
have further enhanced the ability to monitor soil moisture dynam-
ics with high resolution and precision (Zhou et al., 2020; Li et al., 
2023). These advances have been instrumental in the refinement of 
hydrological models, leading to more reliable predictions of water 
availability and flood risks (Le et al., 2022; Bechtold et al., 2023). 
Recent developments in hydrological modeling have emphasized the 
integration of satellite-derived soil moisture data through various data 
assimilation techniques. One widely used approach is the Ensemble 
Kalman Filter (EnKF), which has shown improvements in the accuracy 
of flood forecasting by assimilating data from satellites such as AMSR-
E, SMOS, and ASCAT into models like LISFLOOD and MISDc (Wanders 
et al., 2014; Massari et al., 2018). Parallel search algorithms and 
nudging techniques have also been applied in studies using Sentinel-
1 and ASCAT data, especially with the Continuum model, to refine 
parameter estimations and enhance flood prediction capabilities (Cenci 
et al., 2017; Alfieri et al., 2022). Moreover, models integrating multiple 
satellite data sources, such as SMAP, SMOS, AMSR2, and Fengyun in 
the WRF-Hydro model, utilize EnKF for bias correction and achieve 
robust flood forecasting (Chao et al., 2022). Furthermore, variational 
data assimilation (VDA) methods like 4D-Var have been implemented 
with SMAP data in models such as WRF-TOPX, contributing to better 
overall model performance (Yi et al., 2021). While the integration of 
soil moisture data in data assimilation frameworks has been established 
in hydrological modeling, existing approaches have several limitations, 
particularly in addressing equifinality, robustness, and parameter re-
gionalization in complex, spatially distributed hydrological systems. 
From the extensive literature review, three key patterns emerge in 
current methodologies.

Most studies utilize Ensemble Kalman Filter (EnKF) approaches, as 
demonstrated in the work of Wanders et al. (2014), Massari et al. 
(2018), and Le et al. (2022). The LISFLOOD model with AMSR-E, 
SMOS, and ASCAT data operates at daily 12.5 km resolution, while the 
SWAT model integrating SMAP data functions at daily 1 km resolution. 
These ensemble methods, while effective for uncertainty quantification, 
often struggle with computational efficiency at higher resolutions and 
in inferring spatially distributed parameters.

Current models predominantly operate at relatively coarse spa-
tiotemporal scales. Many use daily timesteps, such as VIC with 5 km 
resolution (Zhou et al., 2020), or employ semi-distributed approaches 
like HYDROTEL with SMAP data (Wakigari and Leconte, 2023). Some 
rely on lumped models, as seen in MISDc with ASCAT (Massari et al., 
2018). Few models attempt to integrate soil moisture data at both 
high spatial and temporal resolutions. The Continuum model (Alfieri 
et al., 2022) achieves hourly-1 km resolution but relies on simpler 
nudging techniques for moisture data assimilation to correct model 
states. Additionally, a few lumped hydrological parameters are pre-
calibrated separately using discharge data. However, the WRF-Hydro’s 



M. Ettalbi et al.

r 

 

 

Journal of Hydrology 660 (2025) 133300 
computational demands and complexity pose challenges for operational 
high-resolution applications.

Parameter regionalization integration remains limited in current 
approaches, which typically handle parameter estimation and state 
correction by data assimilation as separate processes. Models like WRF-
TOPX (Yi et al., 2021) employ 4D-Var of satellite rainfall, but without 
learnable regionalization, while the GBHM model (Li et al., 2023) uses 
ESTKF at 600 m resolution for satellite moisture assimilation but lacks 
sophisticated parameter transfer schemes.

The integration of satellite-based soil moisture and multi-gauge dis-
charge within a hybrid variational data assimilation (VDA) framework 
remains largely unexplored, particularly when combined with learnable 
parameter regionalization at high spatiotemporal resolutions. This gap 
is especially significant considering the need for robust parameter 
estimation in complex spatially-distributed systems and the challenges 
of flash flood prediction requiring fine spatiotemporal resolution. The 
potential of machine learning-based regionalization to improve pa-
rameter learning from multi-source data and the computational effi-
ciency advantages of variational approaches over ensemble methods 
for parameter optimization at high resolutions further underscore the 
importance of addressing these limitations.

While some studies have attempted to bridge these gaps individually 
— such as WRF-Hydro’s integration of multiple satellite sources at 
hourly-1 km resolution (Chao et al., 2022) or the Continuum model’s 
use of Sentinel-1 data (Alfieri et al., 2022) - none have comprehen-
sively addressed the combination of high-resolution spatiotemporal 
modeling, hybrid variational data assimilation, learnable parameter 
regionalization from physical descriptors, and multiple constraint inte-
gration through discharge and soil moisture data. This comprehensive 
gap in the literature underscores the novelty of our proposed approach, 
which aims to advance the field by addressing these limitations through 
a unified framework.

This development not only highlights the current state of the field 
but also clearly positions the novel contributions of the proposed 
methodology within the broader context of hydrological modeling 
and data assimilation. The integration of these advanced techniques 
promises to overcome existing limitations and provide more robust and 
accurate hydrological predictions at the high resolutions necessary for 
practical applications such as flash flood forecasting.

In this context, the Hybrid Data Assimilation-Parameter Regional-
ization (HDA-PR) approach (Huynh et al., 2024) offers a promising ad-
vancement. By combining the strengths of variational data assimilation 
(VDA) with a learnable descriptors-to-parameters mapping, HDA-PR 
enables more precise spatialization of parameters across large domains. 
This hybrid method is designed to tackle the key challenges of model 
robustness and equifinality, which have traditionally limited the ef-
fectiveness of hydrological models, especially in ungauged or sparsely 
gauged regions. Integrating SM data into this framework is crucial 
because it directly constrains the hydrological response inside basins, 
addressing spatial inconsistencies that remain unresolved by discharge 
observations alone.

This article presents a novel approach in hydrological modeling, 
centered on the variational data assimilation (VDA) of discharge (Q) 
and spatialized soil moisture (SM) into a fully distributed differentiable 
hydrological model containing a learnable descriptors-to-parameters 
regionalization mapping, at high spatiotemporal resolutions. It demon-
strates how this technique performs under different calibration strate-
gies and provides a systematic evaluation of its strengths and limi-
tations. We employ various metrics to account for soil moisture, ad-
dressing the complexities of accurately representing this critical hy-
drological variable. A key aspect of the research is the investigation 
of multi-objective calibration concerning both discharge (Q) and soil 
moisture (SM). This study analyzes the regionalization and the spatio-
temporal validation capacity of the model, highlighting the improve-
ments achieved in simulating these quantities. By integrating VDA 
techniques and examining their impact on model performance, this 
work provides valuable insight into improving the reliability and accu-
racy of hydrological forecasts, especially in the context of regionalized 
hydrological modeling.
3 
2. Study area

Positioned within the varied topographies of southern France (Fig. 
1), our study area holds considerable hydrological importance due to its 
vulnerability to extreme events, including floods and droughts. Char-
acterized by diverse climatic, physiographic, and land use attributes, 
the study area epitomizes a heterogeneous hydrological landscape. The 
region’s susceptibility to flash-flood events underscores the imperative 
for advanced modeling tools capable of precise and reliable local 
forecasts, particularly amidst the ongoing challenges posed by global 
climate change.

A total of 128 catchments are included in our analysis, providing 
a comprehensive spatial representation across the study area. These 
catchments exhibit significant variability in size, with areas ranging 
from a minimum of 28 km2 to a maximum of 1958 km2 (Table  2), 
contributing to the complexity of hydrological processes within the 
region. Topographically, the study area showcases a spectrum of fea-
tures, including steep slopes in mountainous regions, gentle hills, and 
flat plains, influencing precipitation patterns, runoff generation, and 
streamflow dynamics.

Climatic conditions within the catchments are diverse, with mean 
annual precipitation ranging from 510.94 mm/year to 1552.75 mm/yea
and mean annual potential evapotranspiration ranging from 490.32 
to 883.08 mm/year. Additionally, the catchments exhibit a range of 
aridity index values, spanning from 0.60 to 2.71, reflecting the overall 
water balance within the catchments.

In summary, the study area presents a complex hydrological land-
scape characterized by diverse catchment attributes, including size, 
topography, climatic conditions, and land use/land cover patterns. 
Given the wide range of catchments with highly contrasting physical 
properties and their nonlinear, complex hydrological responses, this 
region presents a challenging case for testing soil moisture assimilation 
with our algorithm.

3. Data sets

This section provides a comprehensive overview of the datasets 
utilized to calibrate and validate our models, including an examination 
of their sources, characteristics, and spatio-temporal samplings. The 
analysis period for all dynamic forcings spans from August 1, 2015, to 
August 1, 2023, partitioned into calibration (from August 1, 2015, to 
August 1, 2019) and validation periods (from August 1, 2019, to August 
1, 2023). The discharge gauges are further divided into two groups, 
gauges used for calibration and gauges used for spatial validation (to 
evaluate the model’s regionalization function).

Discharge time series at gauged sites are obtained from the national 
banque hydro (http://www.hydro.eaufrance.fr/) with an hourly tempo-
ral resolution from August 1, 2015, to August 1, 2023. Hydroportail 
is an online platform provided by the French Ministry of Ecological 
Transition and Solidarity. It serves as a centralized hub for accessing 
hydrological and hydraulic information related to water resources in 
France.

Observed rainfall grids are derived from the ANTILOPE J+1 radar-
gauge rainfall reanalysis dataset provided by Météo-France. This dataset
combines radar observations with in-situ gauge measurements to esti-
mate high-resolution rainfall. The reanalysis process integrates hourly 
data from radar and gauge sources to generate hourly gridded rainfall 
fields, providing spatially continuous precipitation coverage over the 
study area. The grid cells used have a spatial resolution of 1 × 1 km2, 
allowing for a detailed representation of precipitation patterns at a local 
scale.

The interannual temperature data used for calculating potential 
evapotranspiration (PET) originates from the SAFRAN reanalysis dataset
developed by Météo-France (Quintana-Seguí et al., 2008). This dataset 
integrates observational data from ground-based weather stations, satel-
lite observations, and numerical weather prediction models. Down-
scaled to a 1 × 1 km2 spatial grid, the SAFRAN reanalysis provides 

http://www.hydro.eaufrance.fr/
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Fig. 1. Topographic overview of the study region delineating the locations of the 128 catchments examined in this study, along with the positions of their respective discharge 
gauging stations.
Table 2
Summary of hydrologic, climatic and physiographic catchment attributes.
 Catchment characteristic Unit Min. Max. Median STD  
 Area km2 28 1958 239 415.25 
 Mean annual precipitation (P) mm/year 510.94 1552.75 821.82 248.74 
 Mean annual potential evapotranspiration (PET) mm/year 490.32 883.08 741.46 87.82  
 Catchment aridity index (P/PET) – 0.60 2.61 1.17 0.45  
 Mean soil moisture saturation % 25.87 46.63 37.29 5.28  
 Mean hourly discharge m3/s 0.06 49.16 2.45 7.22  
 Mean catchment slope ◦ 0.01 5.35 2.01 1.32  
 Drainage density – 9.82 28.94 17.76 3.50  
 Percentage of catchment in karst zone % 0 100 36.61 34.26  
 Forest cover rate % 7.45 94.07 55.30 21.65  
 Urban cover rate % 0 50.72 1.85 7.45  
 Potential available water reserve mm 48.00 327.47 200.15 51.62  
 High storage capacity rate % 0 82.46 0.02 20.30  
detailed temperature information across the study area . Utilizing this 
enhanced temperature dataset, hourly PET at 1 × 1 km2 is calculated 
employing the Oudin formula (Oudin et al., 2005).

A set of 7 temporally static physical descriptors available over the 
whole French territory is used following Odry (2017), Jay-Allemand 
et al. (2024), Huynh et al. (2024). These descriptors are Slope, Drainage 
density, Percentage of the basin area in karst zone, Forest and urban 
cover rate, Potential available water reserve and High storage capacity 
basin rate.

The soil moisture data utilized in this study is sourced from the 
SMAP level 4 dataset, which provides soil moisture data up to the 
bedrock, expressed as a percentage and obtained by assimilation of 
SMAP data into a physically-based numerical model of the land surface 
water, energy, and carbon cycles (Reichle et al., 2019). This dataset 
offers valuable insights into soil moisture dynamics, with a spatial 
resolution of approximately 9 km and a temporal resolution of 3 h. 
This data was downscaled to a 1 × 1 km2 spatial grid using the nearest 
neighbor to match it with the hydrological model’s spatial resolution.

4. Gridded hydrological model and hybrid data assimilation algo-
rithm

Hybrid Data Assimilation and Parameter Regionalization (HDA-
PR) algorithm (Huynh et al., 2024) is based on (i) a forward model 
4 
consisting of a differentiable spatially distributed continuous hydro-
logical model embedding an NN-regionalization pipeline for mapping 
physiographic descriptors onto hydrological model parameters, (ii) and 
an adjoint-based variational data assimilation algorithm as illustrated 
in 2.

HDA-PR uses a forward model  that combines:
• 𝑟𝑟 a spatially distributed and differentiable GR4 conceptual 
structure adapted from Jay-Allemand et al. (2020) called SMASH 
for Spatially-distributed Modeling and Assimilation for Hydrol-
ogy, this model projects rainfall fields 𝑷  and potential evapotran-
spiration fields 𝑬 onto discharge and states fields, respectively 
𝑸 and 𝒉 factoring in drainage plans 𝛺 and spatially varying 
parameters 𝜽. The model is defined for all spatial locations 𝑥 ∈ 𝛺
and times 𝑡′ ∈ [0, 𝑡], where 𝛺 represents the 2D spatial domain 
and 𝑡 > 0 is the physical time. In a discretized representation, 
𝑥 corresponds to a pixel in the computational grid, such that, 
∀(𝑥, 𝑡′) ∈ 𝛺 × [0, 𝑡]:

𝒀 (𝑥, 𝑡;𝜽) = (𝒉,𝑸) (𝑥, 𝑡) = 𝑟𝑟
[

(𝛺 ,𝜽)(𝑥); (𝑷 ,𝑬)(𝑥, 𝑡′),𝒉(𝑥, 0), 𝑡
]

(1)

𝜽 (𝑥) =
(

𝐶𝑝(𝑥), 𝐶𝑡(𝑥), 𝑘𝑒𝑥𝑐 (𝑥), 𝑙𝑟(𝑥)
)𝑇 (2)

𝒉 =
(

ℎ𝑝, ℎ𝑡
)

(𝑥, 𝑡) (3)
where the four spatially varying parameter fields that the model 
aims to estimate regionally are the maximum capacity of the 
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Fig. 2. Flowchart of the forward-inverse algorithm used in HDA-PR with satellite moisture based data assimilation. The forward hydrological model is a gridded model (spatio-
temporal regular grid at 1 km2 and 1 h) using GR operators.
production reservoir (𝐶𝑝 in [mm]), the maximum capacity of 
the transfer reservoir (𝐶𝑡 in [mm]), the parameter of the non-
conservative water exchange flux (𝑘𝑒𝑥𝑐 in [mm/dt]), and the 
linear routing parameter (𝑙𝑟 in [min]). Where ℎ𝑝 and ℎ𝑡 (in 
[mm]) are respectively the states of the production and transfer 
reservoirs.

• 𝑅 the regionalization operator that maps the physiographic de-
scriptors 𝑫 to conceptual hydrological parameters 𝜽, using an 
artificial neural network (ANN)   learning the mapping through 
a multilayer perceptron architecture, such that, ∀𝑥 ∈ 𝛺:

𝜽 (𝑥) = 𝑅(𝑫 (𝑥) ,𝝆) (4)

𝜽(𝑥,𝑫,𝝆) =  (𝑫(𝑥),𝑾 , 𝒃) (5)

with 𝑫 the 𝑁𝐷-dimensional vector of physical descriptor maps 
covering 𝛺, and 𝝆 the vector of regionalization parameters com-
posed of 𝑾  and 𝒃 which are respectively weights and biases of 
the neural network.

In this study, we explore a novel multi-objective cost function 
for the HDA-PR approach, incorporating SMAP satellite soil moisture 
observations alongside traditional discharge data. We compare this 
multi-objective approach with the conventional single-objective cost 
function, which relies solely on discharge information. The classical 
HDA-PR single-objective cost function for multiple gauging stations is 
formulated as : 

𝐽𝑄 = 1
𝑁𝑔

𝑁𝑔
∑

𝑔=1
(1 −𝑁𝑆𝐸(𝑄∗

𝑔(𝑡), 𝑄𝑔(𝑡))) (6)

with 𝑁𝑔 the number of gauging stations, 𝑄∗
𝑔(𝑡) the observed discharge 

time series at gauging station 𝑔, 𝑄𝑔(𝑡) the estimated discharge time 
series at gauging station 𝑔 by the forward model , and 𝑁𝑆𝐸 is the 
Nash–Sutcliffe efficiency coefficient between observed and estimated 
data.

In the new multi-objective cost function, the measure of the differ-
ence between the modeled and observed variables is done using the 
following cost function: 
𝐽 = 𝐽 2 + 𝐽 2 (7)
𝑄 𝜂

5 
with 𝐽𝑄 the classical discharge observation term from (6) and 𝐽𝜂 a 
soil moisture saturation observation term related to satellite snapshots. 
Consequently, 𝐽𝑄 should ensure a reliable prediction of streamflow 
signatures, particularly high flows, due to the NSE’s tendency to empha-
size larger errors more than smaller ones (Legates and McCabe, 1999; 
Krause et al., 2005; Gupta et al., 2009). 𝐽𝜂 serves to improve the spatial 
patterns of the modeled soil moisture by constraining the optimization 
of the spatially distributed model parameters, thus reducing parameter 
equifinality and making the calibration process more robust.

In what follows, we use SMAP L4 soil moisture (SM) data, which 
have been obtained by merging SMAP surface moisture measurements 
into a large-scale LSM model by assimilation with a spatially distributed 
ensemble Kalman filter (Reichle et al., 2017, 2019). We choose to use 
these data because (i) they are available at the global scale at 9 km 
and 3 h spatial and temporal resolution, (ii) they consist of satellite-
based validated soil moisture estimates obtained with state-of-the-art 
LSM model with DA framework. As our conceptual model contains a 
soil moisture accounting GR production reservoir, we assume that this 
satellite-based soil moisture data 𝑆𝑀∗(𝑥, 𝑡), a moisture rate between 0 
and 1 and projected onto our numerical grid, is directly comparable to 
the normalized production state of our production reservoir: 
𝑆𝑀(𝑥, 𝑡) = ℎ𝑝(𝑥, 𝑡)∕𝐶𝑝(𝑥) (8)

In other words, we assume the observation operator for this moisture 
product to be the identity.

The choice of a calibration metric for soil moisture data is diffi-
cult, usually the metric of choice when it comes to lumped models 
is some variation of the NSE or KGE on spatially averaged remote 
sensing data (Liu et al., 2022; Meyer Oliveira et al., 2021; Wang et al., 
2023), while this approach shows general increase in the discharge’s 
estimation precision, these metrics do not fully capture the spatial 
heterogeneity that remotely sensed data can offer. In the case of 
distributed hydrological modeling, a lot of interest has been shown 
towards bias-insensitive spatial pattern metrics (Demirel et al., 2018; 
Dembélé et al., 2020; Zink et al., 2018), overall the simulated spatial 
patterns of the calibrated parameters show a similarity with the satellite 
observations, however, this comes with a trade-off between discharge 
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precision and spatial patterns, especially for soil moisture calibration. 
For these reasons, we chose to evaluate two soil moisture calibration 
metrics. The first is the root mean squared error between observed and 
estimated soil moisture, 𝐽𝑅𝑀𝑆𝐸

𝜂 , giving us a global metric of pixel-by-
pixel discrepancy between simulated and observed moisture through 
time. It can be seen as a lump-like metric without weighting in space 
and time. The second is the spatial bias insensitive metric from Dembélé 
et al. (2020) to take advantage of the spatial information in the SMAP 
L4 data. This metric is formulated as follows: 

𝐽𝑆𝑃
𝜂 = 1 − 1

𝑇

𝑇
∑

𝑡=1
∀𝑖,𝑗∈𝛺

(1 − 𝐸𝑆𝑃 (𝑆𝑀∗𝑡(𝑖, 𝑗), 𝑆𝑀 𝑡(𝑖, 𝑗)))2 (9)

The degree of reproduction of spatial patterns is quantified with the 
following pattern matching metric, denoted 𝐸𝑆𝑃 , using observed and 
estimated soil moisture (𝑆𝑀 and 𝑆𝑀∗). The pattern matching metric 
𝐸𝑆𝑃  is defined as follows: 

𝐸𝑆𝑃 = 1 −
√

(𝑟𝑠 − 1)2 + (𝛾 − 1)2 + (𝛼 − 1)2, 𝑤𝑖𝑡ℎ (10)

𝑟𝑠 = 𝜌
(

𝑆𝑀∗, 𝑆𝑀
)

≡
⟨𝑆𝑀∗, 𝑆𝑀⟩

‖𝑆𝑀∗
‖ ‖𝑆𝑀‖

(11)

𝛾 =

𝜎𝑒𝑠𝑡
𝜇𝑒𝑠𝑡
𝜎𝑜𝑏𝑠
𝜇𝑜𝑏𝑠

, (12)

𝛼 = 1 − 𝐸𝑀𝑆𝐸 (𝑍𝑆𝑀∗ , 𝑍𝑆𝑀 ), (13)

where 𝑟𝑠 is the Spearman rank-order correlation coefficient between 
estimated soil moisture 𝑆𝑀∗ and observed soil moisture 𝑆𝑀 , 𝛾 is the 
variability ratio that assesses the similarity in the dispersion of the 
probability distribution of 𝑆𝑀∗ and 𝑆𝑀 , with 𝜇 and 𝜎 representing 
the mean and the standard deviation, and 𝛼 the spatial matching term.

The variational data assimilation approach (VDA) aims at combin-
ing the forward model , composed of the descriptors-to-parameters 
mapping 𝑅 and of the spatially distributed hydrological model 𝑟𝑟, 
with the multi-site discharge time series and soil moisture maps in 
the sense of the cost function defined above. This multi objective 
cost function 𝐽 (Eq. (7)) depends on the sought parameter 𝝆 of the 
regionalization neural network 𝑅 embedded into the hydrological 
model through model response 𝒀 (𝝆) = (𝒉, 𝑄) (𝝆) in terms of discharge 
𝑄 and soil moisture 𝑆𝑀 here accounted in the cost function (cf. Eq. (6) 
to (9)). The VDA optimization problem reads: 
𝝆̂ = argmin

𝝆
𝐽 (𝒀 (𝝆)) (14)

with 𝝆 the parameters of the regionalization neural network operator 
when used, otherwise 𝝆 ≡ 𝜽(𝑥) and the spatially distributed conceptual 
hydrological parameters are inferred directly. This problem is solved 
with adaptive moment ADAM (resp. LBFGS-B) algorithm in case ‘‘HDA-
PR’’ of regionalization mapping 𝝆 = (𝑾 , 𝒃) (resp. case ‘‘CDC’’ classical 
distributed calibration 𝝆 ≡ 𝜽(𝑥)). Both algorithms take advantage of 
cost gradients with respect to the sought parameter, ∇𝝆𝐽 given by 
the resolution of the numerical adjoint model 𝐷𝝆 obtained by au-
tomatic differentiation of the source code (cf. Huynh et al. (2024) and 
references therein). The strength of HDA-PR lies in the use of a region-
alization neural network to infer unknown descriptors-to-parameters 
mapping while remaining interpretable in conceptual parameter space. 
The proposed modification of HDA-PR makes it amenable to assimilate 
satellite-based soil moisture product.

5. Experimental design

In this section, we detail our experimental setup devised to evaluate 
the benefits of integrating soil moisture data into the calibration process 
alongside discharge data. We examine the impact of this enhanced 
calibration approach on two different configurations, CDC (i.e SMASH 
with Classical Distributed Calibration) and HDA-PR (i.e. SMASH with 
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descriptors-to-parameters learnable regionalization mapping). For each 
model, we perform comparative analyses by evaluating the calibration 
with soil moisture using the two metrics presented in the previous sec-
tion, the root mean square error (RMSE) and the spatial bias insensitive 
metric (SP).

The Classical Distributed Calibration approach uses a gradient-based 
optimization algorithm (L-BFGS-B) to minimize the objective function 
𝐽 , which combines discharge error (𝐽𝑄) and soil moisture error (𝐽𝜂). 
Regularization is omitted to focus on raw data fidelity. Parameter 
values are defined within physically plausible bounds derived from 
prior studies and expert knowledge:

• 𝐶𝑝 (maximum capacity of the production reservoir): The ini-
tial values are set to 200 mm, with calibration bounds of 𝐶𝑝 ∈
[1𝑒 − 6, 1𝑒3] mm.

• 𝐶𝑡 (maximum capacity of the transfer reservoir): The initial 
values are set to 500 mm, with calibration bounds of 𝐶𝑡 ∈ [1𝑒 −
6, 1𝑒3] mm.

• 𝑘𝑒𝑥𝑐 (non-conservative water exchange flux): The initial values 
are set to 0, with calibration bounds of 𝑘𝑒𝑥𝑐 ∈ [−50, 50] mm/dt.

• 𝑙𝑟 (linear routing parameter): The initial values are set to 5 min, 
with calibration bounds of 𝑙𝑟 ∈ [1𝑒 − 6, 1𝑒3] min.

These bounds are carefully chosen to ensure parameter realism, 
reflecting the physical constraints of hydrological processes. At the 
same time, they allow flexibility for catchment-specific adjustments, 
enabling the model to adapt to varying environmental conditions across 
different regions.

For the HDA-PR method, no background term is used since the 
regionalization mapping incorporated into the forward model provides 
a strong spatial constrain (cf. Huynh et al. (2024)). Although this study 
yields promising results, the estimation of observation error covariance 
matrices—useful for weighting observations in the cost function—
remains challenging and is left for future research. We use the ADAM 
optimizer to optimize the neural network parameters. The weights of 
the network are initialized with a normal distribution with mean 0 and 
standard deviation of 0.01, while the biases are initialized to zero for 
each layer. This initialization scheme ensures that the network begins 
training with small, random weights that allow for effective learning.

In total, we compare 6 models: three models based on the traditional 
calibration method with distributed mapping (i.e., Jay-Allemand et al. 
(2020) without a regularization term) and three models based on the 
HDA-PR approach, as follows:

• CDC without SM: spatially distributed calibration of SMASH 
model parameters 𝜃(𝑥) solely with discharge data (𝐽 ≡ 𝐽𝑄).

• CDC with SM SP: spatially distributed calibration of SMASH 
model parameters 𝜃(𝑥) using discharge data and spatial bias 
insensitive soil moisture calibration (𝐽 ≡ 𝐽𝑄 + 𝐽𝑆𝑃

𝜂 ).
• CDC with SM RMSE: spatially distributed calibration of SMASH 
model parameters 𝜃(𝑥) using discharge data and root mean squared
error soil moisture calibration (𝐽 ≡ 𝐽𝑄 + 𝐽𝑅𝑀𝑆𝐸

𝜂 ).
• HDA-PR without SM: calibration of parameters 𝝆 of the region-
alization neural network   embedded into SMASH for physical-
descriptors-to-parameters mapping, calibrated solely with dis-
charge data.

• HDA-PR with SM SP: calibration of parameters 𝝆 of the region-
alization neural network   embedded into SMASH for physical-
descriptors-to-parameters mapping, calibrated discharge data and 
spatial bias insensitive soil moisture calibration.

• HDA-PR with SM RMSE: calibration of parameters 𝝆 of the 
regionalization neural network   embedded into SMASH for 
physical-descriptors-to-parameters mapping, calibrated discharge 
data and root mean squared error soil moisture calibration.
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Each of these 6 models is calibrated using half of the catchments 
presented in Section 2 while the other half is used for spatial valida-
tion (ability of the model to estimate discharge for new catchments), 
the calibration period spans from 08-01-2015 to 08-01-2019 and the 
validation period spans from 08-01-2019 to 08-01-2023, the same 
catchments and periods are used for each model to have a fair assess-
ment of the models. Using this setup, we can validate each model’s 
temporal and spatial extrapolation capabilities.

Detailed analysis are conducted to evaluate the influence of satellite 
moisture data calibration on the performance of the hydrological mod-
els. Our analysis places particular emphasis on assessing both discharge 
precision in terms of discharge modeling at the selected gauges in 
the French Mediterranean region and coherence between observed 
and simulated moisture. To evaluate discharge precision, we employ 
the Nash–Sutcliffe Efficiency (NSE) and Kling–Gupta Efficiency (KGE) 
metrics, comparing simulated discharge against observed values. For 
spatial pattern accuracy, we calculate the Pearson correlation coef-
ficient and Root Mean Square Error (RMSE) between estimated and 
observed soil moisture values.

The computational complexity of our framework is a key consid-
eration for its application in large-scale hydrological forecasting. To 
quantify its performance, we provide details on the training process 
and resource utilization.

• Hardware: All models were trained using 8 cores on an AMD 
EPYC 7643.

• Mesh Resolution: The computational mesh contains about 25,000 
cells.

• Training Duration: Each model was trained for 350 iterations.

• Memory Consumption:

– HDA-PR & CDC without SM use about 53 GB RAM.
– HDA-PR & CDC with SM RMSE use about 66 GB RAM.
– HDA-PR & CDC with SM SP use about 90 GB RAM.

• Iteration times:

– HDA-PR without SM takes about 990 s per iteration.
– CDC without SM takes about 900 s per iteration.
– HDA-PR with SM RMSE takes about 1200 s per iteration.
– CDC with SM RMSE takes about 1050 s per iteration.
– HDA-PR with SM SP takes about 3600 s per iteration.
– CDC with SM SP takes about 3400 s per iteration.

• Forward Simulation Time: Once calibrated, the model’s forward 
computation time is negligible, taking less than 30 s.

For example, HDA-PR with SM SP requires approximately two 
weeks to complete the full calibration process.

The computational demand of our framework depends on spatial 
resolution and assimilation frequency. While larger-scale applications 
require substantial computational resources, efficiency can be enhanced 
through parallelization techniques. To address these challenges, we 
are finalizing a new version of this framework, written entirely in 
Python and utilizing PyTorch for CUDA parallelization. This next-
generation version achieves 10×speedups and scales effectively with 
available hardware resources. While beyond the scope of this study, 
these improvements will be detailed in a forthcoming GMD article. 
These advancements will significantly enhance the framework’s feasi-
bility for large-scale hydrological forecasting applications, ensuring a 
balance between computational efficiency and model accuracy.
7 
6. Result analysis

In this section, we analyze the numerical results obtained from 
our experiments to evaluate the effectiveness of soil moisture data 
assimilation in hydrological modeling. The analysis is structured to 
provide a comprehensive overview of the model’s performance across 
different conditions and calibration strategies. We begin by examining 
the global performance metrics of each models. This initial assessment 
provides insight into the overall accuracy and reliability of the models 
when incorporating soil moisture data compared to using traditional 
streamflow observations alone.

Following the global performance evaluation, we perform a more 
detailed performance analysis categorized by specific flow ranges and 
aridity indices. This breakdown allows us to explore how different 
hydrological conditions ranging from low to high flow and varying 
degrees of aridity affect the model’s predictive capabilities. This step 
is crucial for understanding the impacts of soil moisture assimilation 
on model accuracy under diverse hydrological scenarios.

Subsequently, we analyze the correlation between observed and 
simulated soil moisture to assess the effectiveness of moisture as a 
calibration objective. This analysis examines whether including soil 
moisture as a secondary calibration objective enhances model perfor-
mance or introduces additional complexities. Finally, we evaluate the 
spatial distribution and characteristics of the calibrated parameters to 
understand how the assimilation of soil moisture data influences pa-
rameter estimation and regionalization within the hydrological model. 
This comprehensive approach provides a detailed understanding of the 
strengths and limitations of using soil moisture data assimilation for 
improving hydrological predictions.

6.1. Discharge performance analysis

In this section, we present and analyze the results of our experi-
ments, focusing on the performance of different models in both spatial 
and temporal calibration and validation periods. The models evaluated 
are the HDA-PR model and the CDC model, each tested with three 
different approaches for incorporating soil moisture data: none, RMSE 
(root mean square error), and SP (spatial bias insensitive).

Global performances at calibration and validation periods and gauges
are presented in terms of NSE in Fig.  3 and of KGE in Fig.  4. The 
graphs display the NSE and KGE scores of the six models, with results 
split into calibration (left graph) and validation (right graph) periods, 
each graph is split into gauged (spatial calibration) and ungauged 
(spatial validation) subgroups, the ungauged group are the catchments 
that we hide during calibration in order to assess the regionalization 
capabilities of each model. Each model’s performance is shown through 
boxplots, where the height of the box represents the interquartile range 
(IQR), with the median NSE score indicated by a horizontal line inside 
the box. The whiskers extending from the box show the range of 
NSE scores, providing insight into the variability and consistency of 
each model’s performance across both periods. The non-hatched group 
corresponds to the classical distributed calibration without physical 
descriptors, while the hatched group represents distributed calibration 
with regionalization using physical descriptors.

The boxplots in Fig.  3 provide a visual comparison of each model’s 
spatio-temporal performances in discharge time series simulation, both 
at calibration and validation gauges. During the temporal calibration 
period for spatial calibration (gauged), the HDA-PR models achieve 
NSE scores ranging from approximately 0.48 to 0.96, with the HDA-
PR model calibrated using soil moisture with SP demonstrating more 
stability and the highest performance with a median NSE of about 0.74. 
CDC models show no improvement with RMSE incorporation. During 
spatio-temporal validation, which is the most important for us from an 
operational perspective (for forecasting and use in ungauged areas), is 
where the results show the most significant impact of incorporating 
soil moisture (SM), the reduced variability in the performance of the 
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Fig. 3. The Nash–Sutcliffe Efficiency (NSE) scores for the six models during both the calibration and validation periods (left and right graphs), broken down into spatial and 
temporal analyses.
Fig. 4. The Kling–Gupta Efficiency (KGE) scores for the six models during both the calibration and validation periods, broken down into spatial and temporal analyses.
HDA-PR model with soil moisture assimilation is also observed here 
with the RMSE approach yielding the most stable and highest NSE 
scores for both HDA-PR and CDC models. This demonstrates the value 
of soil moisture data in improving the regionalization capabilities of the 
hydrological model. The HDA-PR models, benefit significantly from soil 
moisture integration, especially through the RMSE calibration, which 
consistently outperforms other approaches.

Discharge modeling performances in terms of KGE are presented in 
Fig.  4. Over the calibration period, for ungauged catchments (spatial 
validation), the HDA-PR with SM RMSE model achieves the highest 
stability and performance compared to other methods, especially the 
regionalization HDA-PR without SM. In spatio-temporal validation, 
i.e. on validation period and on ungauged catchments, the HDA-PR 
with SM RMSE model demonstrates reduced performance variability 
and maintains a high median KGE score of around 0.70. This consistent 
performance across periods highlights the effectiveness of incorporating 
spatio-temporal soil moisture data with RMSE cost function, enhancing 
both the accuracy and stability of the models. The CDC models show 
moderate improvement with soil moisture, but the HDA-PR models, 
particularly with RMSE integration, exhibit the most reliable and stable 
performance.

The Nash–Sutcliffe Efficiency (NSE) scores for the six models dur-
ing spatio-temporal validation are shown in Fig.  5. These models are 
grouped based on catchment mean hourly discharge ranges: < 5, 5–10, 
10–15, 15-20, and > 20 cubic meters per second (m3/s). The perfor-
mance of models incorporating soil moisture data assimilation (SM-DA) 
varies across different flow ranges due to differences in dominant 
hydrological processes. At low flows (0–10 m3∕s), baseflow and ground-
water contributions are the primary drivers of streamflow (Beven, 
2001). However, since SM-DA constrains surface moisture states, it may 
lead to slight reductions in discharge performance in catchments where 
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groundwater storage dynamics play a more dominant role (McMillan 
et al., 2012). This could explain why the CDC model without SM 
data performs slightly better than its SM-DA counterpart in this flow 
range, as the additional constraints from soil moisture assimilation may 
not perfectly align with subsurface processes. Furthermore, the spatial 
resolution of SMAP L4 data ( 9 km) may not fully capture fine-scale soil 
moisture variability in small basins, introducing potential discrepancies 
that affect discharge predictions (Liu et al., 2024). Alternatively, the 
HDA-PR with SM RMSE model exhibits higher and more consistent NSE 
scores. For the 10–15 m3∕s range, the models maintain high NSE scores 
with minimal differences between those incorporating soil moisture 
data and those that do not. This suggests that for this range, the model’s 
inherent capability is strong enough to produce accurate results without 
additional soil moisture data. At higher flows (> 15 m3∕s), both HDA-
PR and CDC models maintain high NSE scores. However, the variability 
in scores is lower for models incorporating SM-DA, suggesting that 
soil moisture constraints stabilize model performance during extreme 
flow conditions. This aligns with findings from Massari et al. (2015), 
which highlight that SM-DA improves peak flow estimation and flood 
forecasting at high flows. Overall, the HDA-PR model benefits the 
most from the integration of soil moisture data showing slightly better 
performance in lower discharge ranges (< 10 m3∕s), indicating that 
the hybrid data assimilation and parameter regionalization approach 
may be more effective in these conditions. In higher discharge ranges 
(> 10 m3∕s), the performance of both HDA-PR and CDC models con-
verges, with soil moisture data having a lesser but still positive impact 
when calibrating using the spatial bias insensitive metric.

Fig.  6 illustrates the Nash–Sutcliffe Efficiency (NSE) scores for the 
six models evaluated during spatio-temporal validation, categorized by 
catchment aridity index (P/PET) ranges: 0.6–1.2, 1.2–1.8, 1.8–2.4, and 
2.4–3. In catchments with an aridity index of 0.6–1.2, there is notable 
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Fig. 5. The Nash–Sutcliffe Efficiency (NSE) scores for the six models during spatio-temporal validation, grouped by catchment mean hourly discharge ranges (m3/s).
Fig. 6. The Nash–Sutcliffe Efficiency (NSE) scores for the six models during spatio-temporal validation, grouped by catchment aridity index (P/PET) ranges.
variability in NSE scores, particularly for models without soil moisture 
(SM) data, whereas models integrating SM data, such as ‘‘HDA-PR 
with SM RMSE’’ and ‘‘CDC with SM RMSE,’’ demonstrate higher and 
more consistent NSE values. Within the 1.2–1.8 aridity index range, the 
models display higher and more stable NSE scores, with the inclusion 
of SM data (both RMSE and SP methods) reducing variability and 
enhancing median NSE scores. In the 1.8–2.4 aridity index range, the 
models maintain high NSE scores with minimal differences between 
those incorporating SM data and those without, indicating sufficient 
model accuracy in moderately arid conditions without additional SM 
data. In the 2.4–3 aridity index range, while models continue to show 
high NSE scores, variability is somewhat higher for models without 
SM data, though less pronounced compared to lower aridity ranges, 
suggesting reduced dependence on SM data in more wet conditions. 
Incorporating SM data with RMSE generally improves the regionaliza-
tion’s model performances, more so in very dry and very wet conditions 
(aridity of 0.6–1.2 and 2.4–3), indicating the added value of SM data 
calibration using RMSE on the hybrid data assimilation and parameter 
regionalization approach under extreme meteorological conditions.

6.2. Coherence between observed and simulated moisture

The provided graphs in Fig.  7 illustrate the difference in Pear-
son correlation coefficients (PCC) between observed soil moisture and 
modeled soil moisture from two models, CDC and HDA-PR, using 
two different calibration methods: RMSE and SP. The calculation of 
the Pearson correlation coefficient (PCC) difference between observed 
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and modeled soil moisture (SM) involves several steps. Initially, for 
each of our configurations, we determine the PCC on a pixel-by-pixel 
basis between the observed soil moisture data from SMAP-L4 and the 
modeled soil moisture from the state of the production reservoir. This 
step is performed for models both with and without soil moisture 
calibration. Next, we calculate the difference in the correlation coef-
ficients obtained from the two models (with and without soil moisture 
calibration) for each pixel. This difference highlights the impact of 
soil moisture calibration by indicating how much the correlation with 
observed data improves when calibration is included, thus allowing for 
a detailed spatial analysis of the impact of soil moisture calibration 
on model accuracy. For the CDC model, both calibration methods 
(RMSE and SP) show substantial impacts on PCC differences, with a 
wider range of values (−0.6 to 0.6). The regions highlighted in red 
indicate areas where calibration significantly improves the correlation 
between modeled and observed soil moisture, demonstrating the added 
value of incorporating soil moisture data. In contrast, blue regions 
indicate areas where calibration has decreased the correlation, sug-
gesting variability in calibration effectiveness across different areas. SP 
calibration, in particular, exhibits a more varied impact with notable 
improvements in several regions. For the HDA-PR model, the cali-
bration effects are more localized, with PCC differences ranging from 
−0.15 to 0.15. This indicates that while soil moisture calibration still 
influences model performance, its impact is less pronounced compared 
to the CDC model. Both RMSE and SP calibration methods show similar 
patterns of improvement and reduction in correlation across different 
regions. The narrower range of PCC differences suggests that the HDA-
PR model’s performance is less sensitive to soil moisture calibration, 
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Fig. 7. Difference in Pearson Correlation Coefficient Between Observed (SMAP-L4) and Modeled Soil Moisture: Spatial evaluation of the impact of calibration with soil Moisture 
maps in addition to multi-site discharge, red indicates a gain in correlation, blue indicates a loss, and zero is represented as white. Spatial coordinates are in Lambert 93 and 
graph scales in km. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
but the method still enhances regionalization performances in terms of 
correlation to observed moisture in most areas. Indeed SMASH with 
the classical spatially distributed calibration is less constrained than 
HDA-PR which leverages physical descriptor maps. In HDA-PR, other 
spatially distributed data, such as these descriptors, act as a strong 
constraint in the forward model, while soil moisture is used in the 
objective function, serving as a weak constraint in the optimization 
problem. This interplay between strong and weak constraints shapes 
the spatial distribution of the inferred parameters, which we now 
explore in detail through the analysis of the parameter maps.

6.3. Inferred hydrological parameter maps

We first present spatial maps of calibrated parameters, masked on 
the basins of interest, to qualitatively analyze the spatial variability 
of each parameter obtained with HDA-PR, with and without moisture 
data. The different functioning points reached in the space of concep-
tual parameters 𝜽 for the different optimization experiments are then 
analyzed.

Fig.  8 shows the inferred hydrological parameter maps for the 
HDA-PR model, comparing the calibration with soil moisture using 
RMSE and SP methods, and without soil moisture calibration. Each row 
represents different hydrological parameters: capacity of the production 
reservoir, capacity of the transfer reservoir, non-conservative water 
exchange flux, and the linear routing parameter. For the capacity 
of the production reservoir maps, both models with SM RMSE and 
without SM calibration methods show similar spatial patterns, with 
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HDA-PR with SM RMSE showing higher variability, especially in the 
south-west and central regions, these are the same regions showing 
a higher correlation between observed and simulated soil moisture in 
Fig.  6, indicating that soil moisture data influence the estimation of the 
production reservoir’s capacity. The map with soil moisture calibration 
using SP shows a broader distribution of higher fluxes, suggesting that 
the spatial bias insensitive metric produces a finer spatial variability 
of the production reservoir’s capacity. The same conclusions as before 
can be drawn for the capacity of the transfer reservoir with the HDA-
PR model using RMSE and without soil moisture calibration; however, 
the SP model shows less variability than before. This suggests that the 
transfer reservoir compensates for the production reservoir’s capacity 
to minimize the error in terms of calibration cost function, thereby 
demonstrating a complementary role in the hydrological balance dy-
namics. The third row of Fig.  8 displays maps of the non-conservative 
water exchange parameter that controls the flux of water that is not 
conserved within the system, indicating areas where water is either 
gained or lost, supposedly to account for groundwater interactions, and 
helps here to compensate data and modeling uncertainties and better 
fit discharge and moisture data (cf. inverse problem (14)). In the maps 
calibrated with RMSE and without SM vs SP methods, there are notable 
differences in the spatial distribution of the water exchange parameter, 
the RMSE calibration and the calibration without SM show a higher 
and more generalized pattern, particularly concentrated in the northern 
and southern regions, indicated by yellow and blue areas. These high 
flux areas suggest regions with significant water exchange determined 
through the calibration process that aims to fit discharge only or 
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Fig. 8. Inferred Hydrological Parameter 𝜽(𝑥) Maps with HDA-PR Model: Calibration with Soil Moisture (RMSE & SP) vs. Without Soil Moisture Calibration. Spatial coordinates are 
in Lambert 93 and graph scales in km.
discharge and moisture maps. In contrast, the SP calibration method 
displays a more varied and detailed spatial distribution, with high 
flux regions still present but more dispersed. The final row shows the 
linear routing parameter. The three calibration methods yield similar 
spatial patterns indicating that soil moisture data does not impact the 
estimation of the routing parameter. Spatial statistics resulting from 
the inferred parameter maps, using various calibration strategies, are 
presented in the appendix. The footprint of physical descriptors maps 
accounted for in HDA-PR is analyzed after.

Fig.  9(c) examines the linear correlation between the various phys-
ical descriptors assimilated in the HDA-PR model and its hydrological 
parameters under different calibration conditions: ‘‘With SM RMSE,’’ 
‘‘With SM SP,’’ and ‘‘Without SM.’’ The physical descriptors considered 
are slope (𝑑 ), drainage density (𝑑 ), percentage in karst (𝑑 ), forest 
1 2 3
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cover rate (𝑑4), urban cover rate (𝑑5), potential water reserve (𝑑6), and 
high storage capacity rate (𝑑7). The hydrological parameters analyzed 
include the capacity of the production reservoir (𝐶𝑝), the capacity of 
the transfer reservoir (𝐶𝑡), the non-conservative water exchange flux 
(𝑘𝑒𝑥𝑐), and the linear routing parameter (𝑙𝑟).

Under the calibration with RMSE, the highest correlation is ob-
served between the forest cover rate (𝑑4) and the capacity of the 
production reservoir (𝐶𝑝). This indicates that areas with higher forest 
cover significantly impact water storage when considering Soil Mois-
ture with RMSE. Additionally, the drainage density (𝑑2) and forest 
cover rate (𝑑4) show a moderate correlation with the capacity of the 
transfer reservoir (𝐶𝑡), suggesting that karst regions and forest areas 
influence the transfer capacity. Also, the urban cover rate (𝑑5) shows 
a moderate correlation with the water exchange flux (𝑘 ). Other 
𝑒𝑥𝑐
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Fig. 9.  Analysis of input descriptors and inferred model parameters for the regionalization method (HDA-PR) across the three soil moisture calibration setups (With SM RMSE, 
With SM SP, and Without SM).
descriptors, such as slope (𝑑1), potential water reserve (𝑑6) and high 
storage capacity rate (𝑑7), do not show correlations with hydrological 
parameters.

In soil moisture calibration using the spatial bias-insensitive metric, 
the transfer reservoir (𝐶𝑡) and the water exchange flux (𝑘𝑒𝑥𝑐) have 
the same correlations as RMSE calibration. However, the capacity of 
the production reservoir (𝐶𝑝) and the linear routing parameter (𝑙𝑟) are 
more correlated with the drainage density, indicating that the drainage 
density has a stronger impact on the parameters under SM SP cali-
bration. Other descriptors, such as slope (𝑑1), potential water reserve 
(𝑑6), and high storage capacity rate (𝑑7), do not show correlations with 
hydrological parameters.

Without considering Soil Moisture, the slope (𝑑1), the potential 
water reserve (𝑑6), and the high storage capacity rate (𝑑7) show no 
correlations with the hydrological parameters same as with SM calibra-
tion, indicating that none of the calibration methods was improved by 
using these descriptors. The transfer reservoir parameter (𝐶𝑡) and the 
linear routing parameter (𝑙𝑟) show moderate correlations with drainage 
density (𝑑2). The capacity of production (𝐶𝑝) is more correlated to the 
% in karst (𝑑3) and the forest cover rate (𝑑4) suggesting that these 
features influence the production reservoirs even without considering 
soil moisture.

The one-to-one correspondence between parameters and descrip-
tors, visualized in correlation matrices, enhances the interpretability of 
the calibrated regionalization ANN by revealing how the ANN leverages 
descriptor map information to inform the conceptual model parameters. 
The physical relevance of the inferred spatial distribution of param-
eters is demonstrated by discharge modeling accuracy at available 
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gauges and by correlations obtained between simulated and observed 
moisture. These results underscore the value of the inferred spatial 
parameter distributions, which represent optimal solutions of the in-
verse problem (14). These solutions integrate information from two 
sources: (1) physical descriptors utilized by the NN embedded as strong 
constrain into the conceptual model, and (2) discharge and moisture 
observations. The latter, representing partial observations of real-world 
hydrological responses, serve as weak constraints within the assim-
ilation’s cost function. A more in-depth physical analysis could be 
achieved with a physically based model structure and soil data that 
could be integrated in the proposed framework in future research.

7. Discussions

The primary objective of this study was to assess the efficacy of 
integrating satellite-derived soil moisture data with traditional stream-
flow observations for improving the parameter regionalization and the 
performances of a spatially distributed hydrological model in simulat-
ing both discharge and surface moisture. The study used the hybrid 
data assimilation and parameter regionalization (HDA-PR) approach 
from Huynh et al. (2024), which integrates neural networks into the 
differentiable spatially distributed hydrological model SMASH.

The results demonstrated that the inclusion of satellite soil moisture 
data significantly enhances the model’s ability to predict both soil 
moisture and discharge. This improvement was evident across various 
metrics used to evaluate model performance. Specifically, the regional 
optimizations performed on flash-flood-prone areas in Southern France 
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showed enhanced accuracy and robustness in simulated discharge and 
soil moisture when compared to traditional methods that only used 
streamflow measurements. The improvement in model performance can 
be attributed to the additional information provided by the satellite-
derived soil moisture data, which is spatially distributed and covers 
both gauged and ungauged basins, which helps to better constrain the 
model. This leads to more accurate simulations in terms of discharge 
and spatio-temporal moisture as testified by the good correlation/fit to 
the available data. The integration of this data helps to mitigate some 
of the uncertainties inherent in hydrological modeling, particularly 
in areas with heterogeneous climatic and physiographic conditions. 
The findings align with previous research that has demonstrated the 
benefits of using remote sensing data for hydrological model calibration 
and validation. For instance, studies by Li et al. (2023), Wanders 
et al. (2014), Chao et al. (2022) have shown that the incorporation 
of multiple variables such as soil moisture and water storage data 
from remote sensing can enhance hydrological model performance. 
This study extends these findings by demonstrating the effectiveness 
of a variational data assimilation (VDA) method in a high-resolution 
conceptual hydrological model with descriptors-based regionalization.

Despite the positive outcomes, there are some limitations to the 
study. One significant limitation is the assumption of unbiased Gaus-
sian uncertainties in the variational data assimilation framework. This 
assumption might not hold true in all cases, potentially affecting the 
robustness of the results. Additionally, the study focused on a specific 
region in Southern France, and the applicability of the findings to 
other regions with different hydrological characteristics remains to be 
explored with the proposed method that is transposable.

Future research should aim to validate the findings of this study 
in other regions and under different climatic conditions. Additionally, 
further work is needed to refine the data assimilation framework to 
account for non-Gaussian uncertainties and to explore the integration 
of other types of remote sensing data, such as evaporation and land use. 
Expanding the study to include a broader range of hydrological models, 
including physically based soil-vegetation models, and assimilation 
algorithms could also provide deeper insights into the generalizability 
and robustness of the HDA-PR approach.

Overall, the integration of satellite-derived soil moisture data into a 
distributed hydrological model using a VDA approach shows consider-
able promise for improving model accuracy and reliability. This study 
provides a solid foundation for further exploration and development of 
advanced data assimilation techniques in hydrological modeling with 
classical model structures as done here of with hybrid physical-ML 
ones.

8. Conclusion

This study has demonstrated the significant potential of integrating 
satellite-derived soil moisture data with streamflow observations to 
enhance the performance of distributed hydrological models at gauged 
and ungauged sites. By employing a Hybrid Data Assimilation and Pa-
rameter Regionalization (HDA-PR) approach within the differentiable 
hydrological model SMASH, we achieved substantial improvements in 
the accuracy and robustness of simulated discharge and soil mois-
ture, particularly in flash-flood-prone areas of Southern France. The 
inclusion of satellite soil moisture data provided additional constraints 
on the model, reducing uncertainties and leading to more precise 
simulations of hydrological processes. These findings are consistent 
with previous research, reinforcing the value of remote sensing data in 
hydrological model calibration and validation using hybrid approaches.

We can draw the following conclusions from calibration on both 
multi-site discharge time series and soil moisture maps:

• Overall better spatio-temporal performances of discharge and soil 
moisture estimation.
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• Significant added value for both extremely dry and extremely wet 
conditions.

• Significant added value for small catchments, particularly those 
with low mean hourly discharge.

However, this study also highlighted certain limitations, such as 
the assumption of unbiased Gaussian uncertainties in the Bayesian 
framework and the focus on a specific geographical region. Future 
research should aim to address these limitations by testing the approach 
in diverse climatic and physiographic contexts, refining the data assimi-
lation framework, and incorporating a broader range of remote sensing 
data. In summary, the integration of satellite-derived soil moisture data 
using a variational data assimilation (VDA) in a hybrid regionalization 
method shows great promise for improving hydrological modeling. This 
research provides a robust foundation for future studies aiming to en-
hance the accuracy and reliability of hydrological predictions through 
advanced gradient-based data assimilation techniques. The findings 
underscore the importance of leveraging remote sensing technologies to 
better understand and manage water resources, particularly in regions 
vulnerable to extreme hydrological events.
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Appendix. Spatial statistics of inferred parameter maps

To provide a more quantitative view of the spatial parameter maps, 
Fig.  10 presents a spatial statistical analysis of the inferred hydrological 
parameters over the catchments sample. The figure is structured such 
that the columns represent the calibrated hydrological parameters, and 
the rows represent the statistical measures, each model’s parameter 
statistic is shown through a violin plot. A violin plot displays the distri-
bution of the data, showing both the density and the range of values for 
each parameter. The width of the plot at any given value indicates the 

https://github.com/DassHydro-dev/smash
https://github.com/DassHydro-dev/smash
https://github.com/DassHydro-dev/smash
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Fig. 10. Spatial statistical analysis of inferred Hydrological Parameters per catchment: columns represent the calibrated hydrological parameters and rows represent the statistic 
measure.
frequency of data points at that level, with a thicker section represent-
ing more data points and a thinner section representing fewer, while the 
white dot represents the median value. Additionally, the shape of the 
plot can provide insight into the skewness (asymmetry) and kurtosis 
(peakedness) of the distribution, with wider tails suggesting higher 
kurtosis and asymmetrical shapes indicating skewness and the presence 
of outliers. 

The mean values of 𝐶𝑝 show that soil moisture calibration methods 
(RMSE and SP) significantly influence the spatial distribution of this 
parameter. For the HDA-PR model, the standard deviation is higher 
for RMSE than for SP, suggesting greater variability in the production 
reservoir capacity when the RMSE calibration. Skewness and kurtosis 
values indicate that the distribution of 𝐶𝑝 is more skewed and has 
heavier tails for RMSE, suggesting more extreme values compared to 
SP. For the CDC model, RMSE calibration has the opposite effect on 𝐶𝑝
variability showing the least standard deviation. However, the spatial 
bias insensitive (SP) calibration method produces more variability, 
suggesting a refined estimation process. Similarly to 𝐶𝑝, the capacity of 
the transfer reservoir (𝐶𝑡) the mean values show distinct spatial patterns 
influenced by the calibration methods, the standard deviation for 𝐶𝑡
is also higher for RMSE, indicating more variability. The skewness 
and kurtosis values follow a similar trend to 𝐶𝑝, with RMSE showing 
more skewed and leptokurtic distributions for the HDA-PR model. This 
indicates a complementary role between the production and transfer 
reservoirs, where adjustments in one parameter may balance out dis-
crepancies into another to maintain overall hydrological balance. The 
non-conservative water exchange flux (𝑘𝑒𝑥𝑐) statistics indicate that cal-
ibration with SP results in a more balanced spatial distribution of 𝑘𝑒𝑥𝑐 . 
SP calibration shows higher variability (standard deviation) and more 
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extreme values (skewness and kurtosis), indicating that this method 
might introduce more significant discrepancies in the flux values of the 
HDA-PR model. The mean values for the linear routing parameter (𝑙𝑟) 
are relatively similar across calibration methods, suggesting that soil 
moisture data calibration in addition to multi-gauge discharge has a 
limited impact on this parameter.

The analysis of Fig.  10 underscores the critical role of calibration 
methods in influencing the spatial distribution and statistical properties 
of hydrological parameters. The RMSE calibration tends to introduce 
more variability and extreme values, especially for parameters like 𝐶𝑝
and 𝐶𝑡. In contrast, the SP calibration method provides a more balanced 
and stable distribution.

Data availability

Data will be made available on request.
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