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Abstract.

Groundwater is a key resource for human activities, and anticipating its evolutions months in advance is a major challenge for

stakeholders. Hydrological model for subsurface flows can be used for groundwater level forecasts. However, due to uncertain-

ties in the model’s forcings and parameters, forecast initial state estimation may be inaccurate. We propose the implementation

of a sequential data assimilation (DA) scheme within the Aqui-FR modelling platform, aiming at improving groundwater state5

estimation over a regional scale for future seasonal forecasting system. We assimilated in situ groundwater level observations

into a regional hydrogeological model, using a Localized Ensemble Kalman Filter (LEnKF). Two localization methods are

assessed to evaluate the best way to propagate data assimilation increment from observation sites into the model space. A dis-

tance based method is compared to a correlation method, based on a variogram analysis. Both method show good performances

to improve groundwater head simulations, with a root-mean-square error (RMSE) reduction of 90% compared to a reference10

simulation without DA [open loop (OL) run]. Experiments with validation observations sites show that the correlation method

lead to a more robust DA analysis, with less degradation of the simulation compared to OL run and measurements. Hindcast

experiments using reanalysis of atmospheric forcing suggest that state assimilation, in context of inertial aquifers, can help

improve forecast within a six-month range. The persistence of DA correction varies within the model space domain and may

be due by an initial calibration that could be improved. After a three months lead time, 75% of assimilated observation sites15

still show an improvement of RMSE compared to OL.

1 Introduction

Around the world, groundwater is used extensively for human activities, with many people relying on it for drinking water,

agriculture or industrial uses (Wada et al., 2010, 2014). Groundwater is used to provide approximately two-thirds of France’s

drinking water (Maréchal and Rouillard, 2020). In the last decade, Europe, and especially France, has faced several severe20

droughts (Rakovec et al., 2022; Tripathy and Mishra, 2023; Albergel et al., 2019), that can affect different component of the

water cycle, from atmospheric variables to groundwater (Van Loon et al., 2012), and impact many activities (Stahl et al., 2016;
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Biella et al., 2024). Thus, anticipating groundwater deficit or the duration of flood risk due to high groundwater level months

in advance is a major challenge for stakeholders.

Over the last two decades, different hydrological seasonal forecasting systems have introduced (e.g., Ramos et al., 2007),25

but only a limited number of papers have included groundwater (e.g., Wanders et al., 2019; Getirana et al., 2020; Belleflamme

et al., 2023). Groundwater level estimation remains challenging because of the uncertainties on unobserved properties of

the subsurface governing underground diffusive flows. To avoid the difficulties associated with spatially distributed models,

few hydrological forecasting used conceptual lumped model to provide seasonal outlook of groundwater levels, either with

atmospheric ensemble seasonal forecasts as forcing (Mackay et al., 2015; Prudhomme et al., 2017) or with historical climatic30

forecasting (Surdyk et al., 2022). Recently, machine learning models have also become increasingly popular (Boo et al., 2024).

Nevertheless, recently, spatially distributed and integrated models, with surface and subsurface representations, are also in-

creasingly used (Dasgupta et al., 2022), in order to improve the spatial coverage of such tools. For example, in Germany a

groundwater forecasting system based on distributed physical model with Parflow/CLM (Belleflamme et al., 2023) has been

developed, using a 0.6 km spatial resolution and an hourly simulation time steps, solving Richards equation. In the United35

States, Getirana et al. (2020) employed a Land-Surface Model (LSM) including a simplified representation of groundwater

flows but showing great results during hindcast compared to in situ observations. In France, the Aqui-FR hydrometeorological

system (Vergnes et al., 2020) is also used for seasonal forecast. The use of regional groundwater models coupled to atmospheric

seasonal forecast and LSM show great perspective for forecasting the spatial and temporal evolution of groundwater at spatial

scale of decision-making. Nevertheless, the role of initial hydrological conditions (IHC) have shown to have great impact on40

forecast (Li et al., 2009; Shukla and Lettenmaier, 2011) and especially the groundwater initial state (Wanders et al., 2019; He

et al., 2019). Indeed, generally speaking, regional groundwater models used parameters calibrated against observed ground-

water level time series over a time windows spanning several months or years. While such calibration increases confidence

in the models, uncertainties associated with model errors still persist (Hendricks Franssen and Kinzelbach, 2009; Wanders

et al., 2019). These uncertainties can spread to the forecast and hence diminishes its performances, and motivating the adop-45

tion of data assimilation in hydrogeological models to reduce prediction biases and uncertainties (Doherty and Moore, 2020;

Camporese and Girotto, 2022).

Data assimilation consist in optimal combination of both observations and a model representation of a physical system

in order to improve the latter. Various methods have been explored in meteorology, oceanography from minimum variance

approach to variational algorithms (Carrassi et al., 2018), with Bayesian based method. The underlying method is based on the50

BLUE (Best Linear Unbiased Estimator) and the Kalman filter (KF). The most widely used technique is the EnKF (Ensemble

Kalman Filter), designed as a Monte Carlo implementation of the KF by Evensen (1994) and modified by (Burgers et al.,

1998).

For groundwater, numerous studies that include data assimilation in distributed models focus on parameter estimation in

history matching and inverse modelling (e.g., de Marsily et al., 2000; Zhou et al., 2014; White, 2018). Nevertheless, considering55

a long period for history matching, the estimated parameters can be smoothed to fit over different hydrological conditions and

not be good enough for IHC estimation (Hendricks Franssen and Kinzelbach, 2008). For a forecasting application, Wanders

2

https://doi.org/10.5194/egusphere-2026-1504
Preprint. Discussion started: 18 May 2026
c© Author(s) 2026. CC BY 4.0 License.



et al. (2019) demonstrated that, in the case of groundwater, the forecast initial conditions are crucial due to inertial dynamics

within a prediction range of three months, and thus require a particular attention. Recently sequential DA have been introduced

in inverse modelling tools used in the groundwater community (Alzraiee et al., 2022) and groundwater models have been60

coupled to DA tools (Tang et al., 2024), thus gathering similar methods to achieve these different goals.

Sequential data assimilation is thus used for real-time modelling and forecasting. Hendricks Franssen and Kinzelbach (2008)

used a dual state and parameter estimation with an EnKF and an “augmented state vector” method for real time modelling.

The authors showed the efficiency of ensemble methods on a synthetic case by comparing different implementations of the

determinist variant of EnKF, with varying spatial and temporal observations. Here, large ensemble have been used for a better65

statistical estimation of the empirical covariances from the ensemble.

This method was also used for a real-case at local scale by Hendricks Franssen et al. (2011) who compares performances

between state DA and dual state and parameter DA. It was shown that state DA can improve groundwater level estimation, with

a correction persistence up to ten days. Beyond this range, dual state-parameter DA outperforms state only DA, suggesting that

model trajectory are more influenced by parameter than initial state. Nevertheless, model errors were still lower than no DA70

runs for 500 days after a forecast initialization with a synthetic model, and benefits of DA were still visible after 10 days with

a real-world case.

Over the past decade, various strategies have been explored for optimizing the DA workflow. Zhang et al. (2015) show

that, depending on the observation spatial density, the ensemble size could be reduced (90 to 30 members) without degrading

DA performance. The authors also concluded about the importance of model’s error estimation, even if it is overestimated.75

In a further study, Zhang et al. (2016) used a multivariate DA workflow to assimilate both soil moisture and groundwater

head in a hydrogeological model, with explicit unsaturated zone representation. The authors showed mitigated results, or even

degradation of the simulations, when assimilating one variable and measuring the impact one the other. He et al. (2019) also

used a multivariate DA workflow, with assimilation of river discharge and groundwater levels. In this case, the DA increment

calculated from one state variable analysis was restricted to prevent impact on the other variable and keep efficiency on both80

variables. This setup was used for hindcast experiments of short range forecast (48h of lead time), showing that state estimation

for groundwater head was crucial for the forecast efficiency. Other authors also suggested that multivariate DA does not always

improve both variable simulations (e.g., Camporese et al., 2009; Rasmussen et al., 2016; Botto et al., 2018), even with integrated

models. Multivariate DA in different component of coupled model is even more challenging (Camporese and Girotto, 2022),

although possible (Thirel et al., 2010). Consequently, the focus of assimilation may initially be on the variable to be predicted.85

Most of the studies cited used synthetic cases or local scale real cases. The use of DA within integrated models (coupling

surface and subsurface processes) models open the way for a change of spatial scale for groundwater (Kurtz et al., 2016;

Getirana et al., 2020; Hung et al., 2022; Li et al., 2023; Tang et al., 2024). Nevertheless, this change in scale also involves a

higher computational burden for both model runs and DA analysis, which motivates the use of smaller ensemble. In EnKF-

based methods, long range spurious correlation arises in empirical covariances matrices from reduced size ensemble (Hamill90

et al., 2001; Ehrendorfer, 2007). Localization techniques are often used to dampen such erroneous correlations (Ehrendorfer,

2007; Morzfeld and Hodyss, 2023). For example, Hung et al. (2022) performed groundwater levels and soil moisture DA into
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a Parflow/CLM model with a Localized EnKF (LEnKF), using distance based localization (i.e. correlations in covariances are

reduced with respect to the distance to observations, using a quasi Gaussian function from 0 to 1). In this study, a domain

of 57,850 km2 was used with cells of 800 m resolution. The authors managed to improve groundwater estimations with state95

DA and dual state-parameter DA for a basin of 13,928 km2 in this domain, using twin experiments. Li et al. (2023) applied

a similar methodology at a smaller scale (2,000 km2) but using real-case settings and observations. They show more limited

improvements on state estimation but still encouraging results. The computational burden of such tools is still very high (Hung

et al., 2022; Li et al., 2023),potentially limiting outlooks for operational uses. On the other hand, Getirana et al. (2020) used a

LSM and Gravity Recovery and Climate Experiment data assimilation (GRACE-DA, based on Ensemble Kalman Smoother)100

to improve groundwater state estimation and forecast (with a 3 months range) across the United States, with satellite-based

terrestrial water storage (TWS) estimation. Their results show good performance of GRACE-DA to reduce forecast error in

hindcast experiments, compared to in situ observations at wells. Lower improvements of the forecast system were found in

region influenced by groundwater abstractions, which was not accounted for in the LSM used. The use of satellite-based data,

continuous in space, lower the need for localization in the EnKF-like methods. But regarding the spatial resolution (e.g. for105

GRACE from 1°to 2°), using these products is still limited to large scale model. For regional studies, it is required to enhance

the accuracy of GRACE products, for example with downscaling methods or global data assimilation systems (Houborg et al.,

2012; Pascal et al., 2022; Guardiola-Albert et al., 2024).

For real cases applications, with spatially sparse data and at basin or regional scale, the parametrization of DA schemes in

hydrogeology is thus still very challenging. Localization, even simple or limited, seems to be a crucial point for effective DA110

(Morzfeld and Hodyss, 2023), and can help reduce the ensemble size (Zhang et al., 2016) (and thus, the computational burden).

Distance based method are often used (e.g., Zhang et al., 2016; Li et al., 2023), but required to fix a maximum distance to

cut correlations. This distance can be set with a variographic analysis (Li et al., 2023). DA efficiency can be sensitive to this

parameter, and using a constant distance for every observation may not be optimal. Moreover, using a circular influence of

observations in space is suitable for atmospheric or ocean physics but can be improved for hydrological problems, especially in115

case of unconfined groundwater modelling. Thus, adaptative localization methods has emerged in hydrogeology to overcome

these difficulties (e.g., Anderson, 2007; Rasmussen et al., 2015; Luo and Bhakta, 2020). Rasmussen et al. (2015) used a

correlation between each cell of every ensemble member and each observed cells to define a localization matrix. Such methods

improve the spatial pattern of the localization matrix and DA efficiency, especially for reduced ensemble size or low observation

density in groundwater models (Rasmussen et al., 2015). Nevertheless, the localization is computed at each assimilation step120

and requires a large amount of ensemble members to be efficient (Luo and Bhakta, 2020), which can be computationally

expensive. In surface large scale hydrology, an adaptive method based on semi-empirical patches has been developed (Revel

et al., 2019). It is based on a variographic analysis of model space and can integrate time dynamics. The principal benefit of

this approach is that it enables the identification of a physical pattern of the model and use it to propagate DA correction.

The authors show improvement in DA efficiency when assimilating satellite based observations into land surface models. The125

localization matrix can be computed as a preprocessing step, and available for every DA cycle. However, this method has not

yet been implemented or tested for a regional-scale groundwater model.
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This research present the implementation of a sequential data assimilation scheme within the workflow of the Aqui-FR

modelling platform, and its evaluation over a hydrogeological regional parts of this platform. Different localization methods

are assessed to evaluate the best way to propagate DA increment from in situ observation at well location into the model space.130

The variogram (or correlation) based localization is investigated, compared to the distance based one. Different experiments

are conducted to evaluate the potential of such method for groundwater seasonal forecasts, using hindcast simulations with

atmospheric reanalysis. The details about the model used, the DA scheme and the experiments are described in the methodology

section (2). The results of the evaluation of the DA scheme, compared to a reference simulation and observations, are presented

in section 3 and discussed in section 4, before the conclusions.135

2 Materials and methods

2.1 Hydrometeorological modelling

The Aqui-FR hydrometeorological modelling chain (Vergnes et al., 2020) gather different hydrological codes and models, aim-

ing at providing real-time modelling and seasonal forecasts of groundwater levels at regional scale over France. The modelling

chain is composed of three main components: the meteorological forcing (SAFRAN reanalysis, Quintana-Seguí et al., 2008;140

Vidal et al., 2010), a land surface model (ISBA from the Surfex platform, Masson et al., 2013; Le Moigne et al., 2020) for

surface water balance, and hydrological models (Vergnes et al., 2020) for surface and subsurface water flows.

At each time step, the platform uses the run-off and infiltration fluxes computed by the ISBA component and send them to

the hydrological models that simulate the flow through the unsaturated zone, the river discharge, the groundwater flows and

the rivers-groundwater exchanges. In version 1.4, the coupling of ISBA with the hydrological models neglects any feedback145

from groundwater to the soil. Two hydrological computer codes are included, the MARTHE model (Thiéry, 2013; Thiéry

et al., 2018, 2020) (“Modélisation des Aquifères avec un maillage Rectangulaire, Transport et HydrodynamiquE” in French)

and the EauDyssée model (Saleh et al., 2011). A conceptual lumped model, Eros (Thiéry and Moutzopoulos, 1992; Thiéry,

2018), is also included to simulate karstic springs. In this study, only the MARTHE computer code was used. It uses a 3-

dimensional finite volume numerical scheme (Thiéry, 2013) to solve groundwater flow diffusion equations (de Marsily, 1986).150

This numerical scheme is fully coupled to a simplified kinetic wave approach to compute river flows. The MARTHE code is

detailed by Thiéry et al. (2020).

About one third of the French national territory is covered by the Aqui-FR platform, with different applications of the

MARTHE and EauDyssée codes at regional scale. The spatial coverage is described by Vergnes et al. (2020). In version 1.4,

Aqui-FR gather 14 spatially distributed models, single or multi layer, with a grid cell sizes varying from 100 m to 2 km. The155

platform simulates groundwater and river flows a time step of 1 day and has been evaluated through a 60-year retrospective

simulation (Vergnes et al., 2020) showing good results for long term impact studies and operational uses, regarding model

uncertainties. The Aqui-FR platform is used for real-time modelling, seasonal forecasts (Leroux et al., 2019; Willemet et al.,

2022) and scientific studies (e.g. wetland evaluation, Guillaumot et al. (2024); climate change studies, Jeantet et al. (2025)).
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2.2 Study area160

The different experiments are conducted within a subdomain of Aqui-FR modelling chain. The study area focus on the Somme

basin (6,568 km2), located in northern France (Fig. 1). The topography is quite smooth, varying from 218 to 0 m a.s.l. The

Somme river rises at 88 m a.s.l and flows from east to west for approximately 245 km before emptying in the sea (the Channel).

Its average monthly mean discharge is about 35.2 m3.s−1 near its outlet (gauging station E647 0910, https://hydro.eaufrance.

fr/sitehydro/E6470910/synthese, last access: 2026-05-06). The river discharge is strongly supported by the Chalk unconfined165

aquifer (Pinault et al., 2005; Habets et al., 2010), which has led to groundwater-induced flooding in 2001.

The principal aquifer consists of chalk deposits from the late Cretaceous period (Turonian to Campanian stages). It is

characterized by a dual porosity (West et al., 2023); itself composed of a matrix porosity, that contribute to the storage capacity,

and fractures that contribute to the groundwater kinetic (Price et al., 2000). Unlike other chalk catchment (e.g. for France in

Normandy), there is no evidence of karstic dynamics in the Somme basin. The lower boundary of the aquifer is composed of170

Early and Middle Turonian marl. Quaternary deposits are also present: alluvium can be found in riverbed, while silt is present

in the hills. In the valleys, water table is equivalent between alluvium and chalk aquifers.

The total thickness of the aquifer ranges from 20 to 200 metres, but the productivity is essentially ensured by the first few

metres (20-30 m), which are more fissured. The fissuring of the chalk is related to distance to the riverbed. A higher density of

fractures has been identified in the areas near to the river, with a lower density found in the hills. The unsaturated zone (UZ)175

follow the same pattern of spatial variation with a range from 1 m near the rivers to more than 50 m in the hills (Habets et al.,

2010). Due to this dual porosity, the UZ and its spatial distribution, the aquifer reacts non-linearly to climatic forcings in the

catchment (Pinault et al., 2005; Habets et al., 2010). Influenced by a pluvial oceanic regime, and large scale climate drivers,

groundwater dynamics exhibit multi-timescale patterns, with major contribution of the low-frequency cycles (multiannual)

component over the annual/seasonal signal (Baulon et al., 2022, 2025). An example of simulated/observed time series and180

associated frequencies is shown in Appendix A1.

The regional hydrogeological model of the Somme, included in Aqui-FR, covers an area of 7527 km2, larger than the phys-

iographic catchment to include more realistic lateral boundaries. The domain is composed of a single aquifer layer of 66,924

cells with a spatial resolution varying from 500 m in the plateau/hills, to 100 m in the valley, near the river (Amraoui et al.,

2002; Habets et al., 2010). The Somme river and its tributaries are explicitly represented. The initial hydraulic conductivity185

was derived from UZ thickness interpolation and pumping test data analysis (Amraoui et al., 2002). The model is built with the

MARTHE code (Thiéry, 2013; Thiéry et al., 2020), described in the previous section, for solving river and groundwater flow

equations. Vertical flows through UZ are not explicitly modelled. UZ is represented with a conceptual approach (based on the

lumped model Gardénia, Thiéry (1988), included in MARTHE) used as a transfer function for forcings.

2.3 Ensemble Kalman Filter190

Numerous methods exist for data assimilation, from variational implementation to Bayesian and minimum variance approaches

(Carrassi et al., 2018). In hydrology, the Ensemble Kalman Filter (EnKF, Evensen, 1994; Burgers et al., 1998) and associated
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Figure 1. Localization of the study zone. The Aqui-FR domain is represented as a grey polygon. The Somme and the main river network

are shown in blue in the zoom and the extension of the MARTHE model used is represented as a purple line. The location of groundwater

observation sites used in this study are shown as black dots. Red dots indicate the observations sites selected for time series analysis in

section 3 and the associated letters correspond to the subplots in Fig. 4. Elevation data (in meters above sea level) from the NASA Shuttle

Radar Topography Mission (SRTM) data (Farr et al., 2007) are used.

methods (e.g. Ensemble Square Root Filter, Singular Evolutive Interpolated Kalman filter) have shown good performance in
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various applications (e.g., Sun et al., 2016). The EnKF is a sequential DA scheme where state (and/or parameters) are updated

using a Monte Carlo estimation of the covariances required in the Kalman filter algorithm, making it suitable for large scale195

models without the need for linearization of the model and the observation operator, which is responsible for mapping the

model variables to the observation space.

Here, we used a stochastic sequential implementation of the EnKF, with localization (LEnKF). With m being the dimension

of the state variable (groundwater head here), p the dimension of observations, and k the dimension of ensemble members (or

realizations), the m×k forecast ensemble matrix xf is updated using the p×k perturbed observations ensemble matrix yo, the200

p× k observation operator ensemble matrix H(xf ), and the p× p observation error covariance matrix R. The state variable is

updated (xa) during the analysis step, given by (Carrassi et al., 2018):

xa = xf +K
[
yo −H(xf )

]
(1)

With K the Kalman gain matrix computed as follows (Carrassi et al., 2018):

K=PfH⊤ (
HPfH⊤ +R

)−1
(2)205

Where Pf is the forecast error covariance matrix, and H is the tangent linear of the observation operator.

The observation covariance HPH⊤ and the cross covariance PH⊤ are estimated using the ensemble, thus avoiding the

need for the tangent linear operator, as follows:

PH⊤ =
1

k− 1

k∑

i=1

(
xf
i −⟨x⟩

)[
H(xf

i )−⟨x⟩
]⊤

(3)

HPH⊤ =
1

k− 1

k∑

i=1

[
H(xf

i )−⟨H(xf )⟩
][

H(xf
i )−⟨H(xf )⟩

]⊤
(4)210

Finally, the analysis is assessed by averaging the updated ensemble members and then send to a main additional realization

(no perturbed). The ensemble is propagated through the hydrological model (that we can note M, corresponding to the Marthe

model here) until next assimilation cycle.

This scheme was implemented as a Python library (Manlay, 2026), used within the Aqui-FR framework. During a simulation,

the Aqui-FR driver gets the simulated variables from the hydrological models and then send them to the assimilation code215

which perform the DA step before sending back the analysis, through MPI (Message Passing Interface) communications. The

MARTHE code has been slightly modified to allow this online sequential DA scheme. This workflow requires k+1 runs of the

model (ensemble and main model) and k+4 tasks in total for the Aqui-FR driver, the assimilation code, the post-processing

(I/O) task and the ensemble/main model runs.

2.4 Localization and inflation220

With a finite ensemble size, the EnKF algorithm is subject to two key issues (Ehrendorfer, 2007). Firstly, sampling errors in the

estimated empirical covariances can lead to erroneous (“spurious long-range”) correlations (Hamill et al., 2001; Houtekamer
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and Mitchell, 2001). Moreover, the statistical depletion of the sample can lead to filter collapse (Hamill et al., 2001; Anderson,

2001), where the ensemble standard deviation is underestimated, and the analysis step is not efficient. These limitations are

often overcome using inflation and localization (Ehrendorfer, 2007; Morzfeld and Hodyss, 2023).225

2.4.1 Localization

The main purpose of localization is to dampen spurious long-range correlations (Morzfeld and Hodyss, 2023). In this study we

use two different localization methods: the classical “Gaspari and Cohn” quasi-Gaussian function (Gaspari and Cohn, 1999),

and a variogram (or correlation) based method developed for surface hydrology (Revel et al., 2019).

For the Gaspari and Cohn (GC) method, a fifth order function of the distance dij between two points i and j defines a230

localization weight wij (Gaspari and Cohn, 1999):

wij =





− 1
4z

5 + 1
2z

4 + 5
8z

3 − 5
3z

2 +1 if z ≤ 1

1
12z

5 − 1
2z

4 + 5
8z

3 + 5
3z

2 − 5z+4− 2
3
1
z if 1< z ≤ 2

0 else z > 2

(5)

With z =
dij

r where r is the radius, i.e. the distance at which the covariance is reduced to 0, and d the distance. A good

estimation of z is crucial for effective assimilation (Li et al., 2023). Here, the distance dij is computed as the Euclidean

distance between the current cell i and the target cell j and the radius r is set to 12 km, based on a variographic analysis of235

the model space. The resulting weight matrix L, composed of wij , vary between 0 and 1, and have the same dimension as the

covariance matrix to be regularized (PH⊤ or HPH⊤). This matrix is then used to dampen covariances noises using a Schur

(Hadamard, i.e. element by element, noted as ◦) product (Hamill et al., 2001; Houtekamer and Mitchell, 2001).

For the variogram method (Revel et al., 2019), we computed an experimental semi-variogram (SVG, γ) in the cross space

(state and observation), i.e. for each observation the semi-variance is computed between the current cell (i) time series and240

every other cells (j) time series in the state domain (Eq 6). Semi-variance is computed between two cells with monthly average

time series of open-loop simulation (from 1991 to 2024). A variogram model is fitted over this experimental semi-variogram,

using a least-square algorithm. The best model, between Gaussian, spheric and exponential, is chosen based on RMSE against

experimental SVG and used to extract variogram parameters (nugget, sill, range). Then the autocorrelation function is computed

by inverting the SVG and normalizing with the sill (Eq. 7). A threshold is used to dampen non-significant correlations. After245

manual tuning, we opted for 0.7 as the threshold, which closely matches the value (0.6) used by (Revel et al., 2019). The

localization matrix is then defined by this autocorrelation coefficient, clipped with the chosen threshold, where values are set

to 0, and weighted based on distance to observation, as in GC method. This matrix is computed in a preprocessing step, for all

possible observations locations, and stored. In the sequential DA, the total matrix (of shape (m,p)) is subset with observations

used during the current assimilation cycle.250

γi,j =
1

2Nt

Nt∑

t=1

∣∣∣zi,t − zj,t

∣∣∣
2

(6)
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Figure 2. Comparison of spatial correlation pattern between variogram (SVG) and distance based method (GC) for localization. Observations

location are represented as black cross, and the white cross indicate current observation.

ACF =1− γi,j
sill

(7)

For each method, weight matrices L are computed and applied to the covariance matrices PH⊤ and HPH⊤. The analysis

equation (1), with the Kalman gain (eq. 2), then becomes:

xa = xf +Lxy ◦PH⊤
(
Lyy ◦HPH⊤ +R

)−1 [
yo −H(xf )

]
(8)255

Where Lxy is the localization matrix in cross space (state × observation dimension, hence with m× p size, as PH⊤) and

Lyy is the localization matrix in observation space (p× p dimensions, as HPH⊤).

An example of comparison between the two correlation maps is illustrated in Fig. 2. The variogram method does not always

increase localization distance but allow including more physical patterns into the localization matrix.

2.4.2 Inflation260

Inflation method is used to prevent filter collapse (Ehrendorfer, 2007; Carrassi et al., 2018). The multiplicative inflation we

used, with an adaptive inflation factor λi, is adapted from the methodology of Rasmussen et al. (2015), and computed as the

ratio between an objective ensemble spread and the actual ensemble spread (Eq. 9). Here, the objective ensemble spread is set

based on the observation error covariance as the goal of inflation is to keep the background spread greater than the observation

spread.265

λi =
σRi

σH(xi)
(9)
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Where σH(xi) and σRi
are the ensemble standard deviation and the observation error standard deviation for the ith observa-

tion, respectively.

Ensemble anomalies are then multiplied by the inflation factor in order to rescale the standard deviation of the ensemble for

the next assimilation cycle :270

xinfl = xa +λ(xa −xa) (10)

As Rasmussen et al. (2015) suggested, inflation only applies if the standard deviation of the analysed ensemble is below a

target level, defined as 20% of the initial perturbed ensemble spread. This mask is applied cell by cell to allow maintaining a

sufficient local spread in the ensemble while avoiding instabilities in areas where the standard deviation was sufficient. The

algorithm was also modified to allow more spatial adaptation of inflation, using the Lxy location matrix as a boolean factor.275

The Schur product of this boolean mask matrix with the inflated ensemble ensure that only cells affected by data assimilation

updates are actually inflated.

2.5 Experiments configuration

2.5.1 Data set and observation error

In situ measurements are available over the study area and assimilated. The observation dataset is fetched from ADES French280

database (https://ades.eaufrance.fr/, Winckel et al., 2022), which gather groundwater level observations from national piezo-

metric monitoring network. Water levels are expressed as meters above sea level (m a.s.l.). Data are collected with HubEau

API (https://hubeau.eaufrance.fr/page/api-piezometrie) and Python requests over the study area. 387 observations stations are

available within the study area, with data available from 1991 to 2024 and at least one year of data and 12 measurements.

Following a similar method as described by Baulon et al. (2022), 91 stations are chosen, based on statistical criteria (length of285

time series and minimum frequency of data), data quality filtering (removal of data influenced by withdrawal, drought and data

tagged as incorrect) and manual verification of the data quality. Observations are not always available at all stations for each

data assimilation cycle. On average, about 50 observations stations are assimilated at the same time.

The observation operator involves the linear extraction of the simulated groundwater levels at the observed grid cells. Hence,

the H matrix of Eq. 1 correspond to the identity matrix.290

The observation uncertainty is estimated to mimic the known error of the pressure sensor measuring in situ groundwater

level. This error is usually a few percent of the measurable variation. This range is unfortunately unknown in public databases.

Therefore, a theoretical average percentage was chosen and set to 2%. The observation uncertainty is then computed for each

station to 2% of the maximum range of observed data.

2.5.2 Ensemble generation295

As the EnKF is a Monte Carlo approximation of the Kalman Filter, the ensemble should represent the uncertainty of the model

for proper update step. With more ensemble members (or realizations), the EnKF is expected to provide better estimates of
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statistics and empirical covariances, whilst increasing the computational burden. Hendricks Franssen and Kinzelbach (2008)

stated that an ensemble of 100 members should be sufficient for state updating applied to groundwater modelling. For example,

Li et al. (2023) used 128 realizations. After different configurations test (10, 25, 50, 100), an ensemble with 50 members is300

used. This set up showed good performances, with less computational burden than large ensemble (100 or more members).

As uncertainty in state estimation comes from forcings, initial state and parameters, the generation of the ensemble involved

the perturbation of both meteorological forcings and initial states. Parameters were not directly perturbed as they are not

updated in the analysis steps. In Aqui-FR modelling platform, forcings for groundwater models are the output run-off and

infiltration from ISBA LSM, forced with SAFRAN meteorological reanalysis. These fluxes were perturbed using a Gaussian305

noise, sampled from a standard deviation (Piazzi et al., 2021), along a first-order autoregressive model (FOAR) for time

dependant perturbations, following the method described by Evensen (2003) and Clark et al. (2008). The temporal scale

for the FOAR model is assessed from a preprocessing step, using an autocorrelation estimation of the forcings time series.

The timescales used for the run-off and infiltration are 1 and 12 days, respectively. These parameters are estimated based

on the time lag at which the autocorrelation value falls below 0.8. In addition, the spatial autocorrelation is neglected for310

forcings perturbations. The initial state for groundwater head was also perturbed using a Gaussian noise, with a null mean and

standard deviation estimated from perturbed simulations (including hydraulic conductivity random perturbations to estimate

the uncertainty of model state).

2.5.3 Evaluation of DA performance

The data assimilation (DA) scheme is evaluated by comparing the error evolution between the reference open loop simulation315

(OL, free run i.e. neither perturbations nor data assimilation applied) and a DA simulation. The error is assessed with the root

mean squared error (RMSE), using the simulation and observation as reference (Eq. 11). As groundwater level are expressed

as m a.s.l., RMSE is expressed in meters (m).

RMSE =

√√√√ 1

n

n∑

i=1

(xi − yoi )
2 (11)

Where xi is the simulated value and yoi is the observed equivalent, at the i-th timestep.320

The improvement of DA over OL is measured by a Normalized Information Contribution (NIC, Eq. 12 ; e.g. Getirana et al.

(2020); Hung et al. (2022))

NICRMSE =
RMSEOL −RMSEDA

RMSEOL
(12)

2.5.4 Simulation and DA settings

Data are assimilated, if available, with a 7 days cycle, corresponding to the model computation time step for groundwater head325

and river discharge. Two main experiments are conducted: (i) a short experiment (“srun”), with one and half year simulation
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Table 1. Synthetic description of the seven experiments designed for data assimilation assessment

Experiment Description Evaluation

srun_gc_r100 Short experiment, loc. distance based, 100% of obs. assimilated RMSE, NIC

srun_svg_r100 Short experiment, loc. correlation based, 100% of obs. assimilated RMSE, NIC

srun_gc_r80 Short experiment, loc. distance based, 80% of obs. assimilated RMSE, NIC

srun_svg_r80 Short experiment, loc. correlation based, 80% of obs. assimilated RMSE, NIC

srun_gc_r50 Short experiment, loc. distance based, 50% of obs. assimilated RMSE, NIC

srun_svg_r50 Short experiment, loc. correlation based, 50% of obs. assimilated RMSE, NIC

srun_gc_r20 Short experiment, loc. distance based, 20% of obs. assimilated RMSE, NIC

srun_svg_r20 Short experiment, loc. correlation based, 20% of obs. assimilated RMSE, NIC

hrun Hindcast from 2018 to 2024, DA and init forecast for each month RMSE for different lead times

(from 2018-08 to 2020-02), composed by one year with data assimilation (DA) followed by six months of free run (no DA),

as a seasonal forecast; (ii) a hindcast experiment (“hrun”), from 2018 to 2024, with at least 6 months of DA followed by six

months of free run, repeated every month during the simulation time window to mimic the initialization of seasonal forecast at

different times. For both experiments, the initial state (restart at 2018-08-01) is provided by the Aqui-FR 60 years reanalysis330

(Vergnes et al., 2020), thus avoiding the necessity for any spin-up time.

In order to verify the performance of DA, a validation experiment is conducted with the short experiment (srun). A set of

X% of observation are randomly selected at the first cycle of assimilation, the remaining part is kept for validation purpose.

This setup is repeated four times with different respectively 100, 80, 50, 20% of observation kept for assimilation. For each of

these configurations, the assimilation is performed using the distance based Gaspari function (“gc”), and the variogram based335

method (“svg”) as localization to compare performances on both assimilated and non assimilated observations. The NIC is

computed as in Eq. 12.

For the hrun simulation (hindcast experiment), the RMSE is assessed at different forecast horizons (from 1 to 6 months) for

every initialization dates. The RMSE is then averaged for each month (from 1 to 12) of initialization across the years included

in the hindcast (2018-2024). For this experiment, all observations available are used (100% of observation sites), and data340

assimilation is performed using the correlation based localization method.

Table 1 sums up the different experiments conducted.

3 Results

3.1 Assessment of data assimilation performances

First, the DA performances is assessed with the srun_gc_r80 and the srun_svg_r80 experiments. The accumulated distribution345

of root-mean-square error (RMSE) on assimilated observation location shows impacts of data assimilation on error reduction
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Figure 3. Root mean squared error (RMSE) distribution at observation sites for open-loop simulations and two data assimilation simulations

using distance-based (gc) and variogram based (svg) localization methods.

Table 2. Summary of RMSE and NIC for data assimilation runs (with 80% of observations) and open-loop

Experiment RMSE NIC

open-loop 4.15 -

srun_gc_r80 0.30 0.92

srun_svg_r80 0.28 0.93

(Fig. 3). On average, the error is reduced by 92% between open loop simulation and DA simulation. Both localization methods

show good performances at observation sites, with few differences on the RMSE computed, between the two experiments. The

mean RMSE of the srun_svg_r80 (0.28 m) is slightly lower than the error of the srun_gc_r80 experiment (0.30 m) (Table 2).
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Figure 4a to 4e show observed and simulated time series at different assimilated sites, which illustrate different behaviours350

of the model and DA performances, and Fig. 4f to 4h show time series at verification (non assimilated) sites. The comparison

of simulated time series also show good performances for both localization methods at assimilated sites (Fig. 4).

For the first site (Fig. 4a), the assimilation shows a reduction in the bias and time lag of the simulation compared to observa-

tions. Distance based localization (gc) seems to produce slightly better results. After the forecast initialization, the persistence

of the correction is low. After 3 to 4 months the DA and OL runs matches.355

The second example site (Fig. 4b) show very good performances for DA for both localization method, with correlation based

(svg) method showing lower error. Unlike the previous sites, initial error was essentially a positive bias (no dynamic/time dis-

crepancy, xb
OL > yo). In consequence, during the six months of free run, the simulation remains very close to the observations.

In other cases, forecast after DA can also lead to poorer results compared to open-loop (Fig. 4c), despite improvement on

groundwater level estimation until last assimilation cycle.360

In the fourth assimilated site (Fig. 4d), sequential DA also show good performances and is able to enhance simulations,

compared to observations, with wrong initial dynamic in the open-loop. After the forecast initialization, mismatch between

analysis and observation start to grow. Error is still lower than open-loop run after the six months of free run.

When comparing results for two closes cells, with one observation site assimilated (Fig. 4e) and one kept for verification

(Fig. 4f), DA might lead to different results. These two piezometers are located in the east of the model domain, upstream, in365

an area influenced by withdrawals that are not well represented in the model. In both cases, the open-loop simulation reveals a

smoother dynamic than the observations, showing more abrupt variations. The assimilated site show improvements over open-

loop simulation, and better results with the svg localization method in the first part of the experiment. Despite being close, the

two sites have different biases in the model (positive for the first one, negative for the second one), which lead to erroneous

correction by DA. Nevertheless, groundwater dynamics seems correlated between the two sites, and the DA run is able to better370

capture the observed dynamic.

At verification sites, different behaviours are shown between the two localization methods used, with distanced based being

better in some cases (e.g. Fig. 4g) or correlation based being slightly better (e.g. Fig. 4h).

3.2 Comparison with different density of observations

The validation experiment with different observation density (srun_gc_rXX and srun_svg_rXX experiments) show different375

performances between the two localization methods used. Figure 5 show the mean assimilation increment (for the svg method,

i.e. correlation based) and the spatial distribution of NIC for different observation density and localization methods. Assimilated

sites are represented as coloured dots and verification sites are represented as coloured squares.

DA increment, for example with the first experiment (srun_svg_r100), show that the absolute difference between assimilation

and open-loop is greater or equal to 0.75 m at observation locations and is spread between dense observation areas, in both380

upstream and downstream directions, depending on the correlations found in the localization analysis. As observation sites are

essentially located between the valleys, near the rivers, DA increment appears to be closed to zero. For 75% of assimilated
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Figure 4. Time series of groundwater level at different observation sites. Panels (a) to (e) are for assimilated sites, panels (f) to (h) are for

verification (non assimilated) sites. Black dots are observations, blue line is open-loop simulation, orange and green lines are DA simulation

with distance based (gc) and correlation based (svg) localization methods respectively. Results are taken from the srun_r80 (short run with

assimilation of 80% of observations) experiment. Vertical dashed line indicate the initialization of the forecast (free run after DA is stopped).

Observation sites are localized in Fig. 1 with their associated panel identifier.
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Figure 5. Spatial distribution of NIC for different observation densities and localization methods. The first column represents the DA

increment (averaged for the experiment), the second column the NIC for correlation based localization (svg), the third column the NIC

for distance based localization (gc). For the NIC columns, the blue values indicate an improvement of DA over open-loop simulation, while

red values indicate a degradation. Coloured dots represent assimilated sites and coloured squares represent verification (non-assimilated)

sites. The model’s rivers are displayed as blue lines. The first row is for 100% of observations assimilated, the second row for 80%, the third

row for 50%, and the fourth for 20%.

sites a NIC ≥ 0.85 is shown. Only two assimilation sites are not improved by the DA with either localization method. These

are located in two neighbouring cells within the model domain.

With 80% of observation sites assimilated (experiment srun_r80), for both localization methods, the NIC is positive for385

all assimilated sites, indicating lower RMSE for the DA run than the open-loop run. For verification sites, similar results are

obtained for both localization methods for all the assimilated sites. The correlation localization method (svg) show a mean

NIC of +0.81 (max is +0.55 and min is +0.92), which indicate good average improvements over OL (RMSE reduction). For

verification sites, computed NIC shows the same spatial patterns for both localization methods. Nevertheless, on two different

sites distance based localization lead to better results (for example, in the northern part of sector “f” in Fig. 2 , for observation390
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00358X0216: NIC = +0.284 for gc and +0.002 for svg). Conversely, distance based localization also lead to bigger degradation

of performance for different verification sites (e.g. near the “h” area in Fig. 2, observation site 00634X0147: NICgc = -0.558,

NICsvg = -0.312; observation site 00634X0039: NICgc = -0.092, NICsvg = +0.092). In the south-west of the model grid, where

different observation sites are close to each other, the reduction of assimilated observations (from 80 to 20%) lead to a reduction

of DA improvement at the same verification sites for both localization methods. In this area, the DA increment shows different395

patterns based on the observations included.

For lower assimilated observation densities (50 and 20%), similar results are obtained, and distance based method tend to

increase error on verification sites over the correlation based method. For both methods, when the assimilated observation

density decrease the DA increment reach zero in most of the model domain.

3.3 Evaluation for forecasting400

Results of the hindcast experiment are shown in Fig. 6 and Fig. 7. An example of hindcast time series is shown in Appendix

(Fig. A2). During the 6-year simulation, on average for all observation sites, for each month of forecast initialization, the

RMSE of the DA simulation is lower than that of the open-loop simulation during a seasonal forecast lead time (Fig. 6). The

DA run RMSE is lower than 1 m at the initial step of the forecast and end to be greater or equal to 2 m after 6 months. OL run

RMSE is varying between 3.5 and 4.5 m.405

NIC distributions across the different observation sites (Fig. 7) indicates that at one month of lead time, 95% of the observa-

tion sites show a reduction of RMSE (NIC > 0) for every month of initialization, with only some outliers showing degradation

of the error with the DA run. With the increase of the forecast range, NIC distributions are more widespread and the median

value is lower (indicating more mitigated improvements). After a three months lead time, 75% of the NIC are still positives

for every month of initialization, but more degradation (NIC < 0) and spatial heterogeneity (higher standard deviation) are also410

identified with these results.

Figure 8 shows an example of simulated groundwater level with DA at forecast initialization and at different forecast horizons

(3 and 6 months) for the hindcast experiment (initialized for one month, here in April 2024). The assimilated groundwater level

show significant differences with the open-loop, with a average absolute difference of 0.57 m (± 1.33 m) at initialization time.

After 3 months of forecast, the mean absolute difference decrease to 0.49 m (± 1.22 m) and to 0.33 m (± 0.92 m) after 6415

months. The impact of DA is still visible after 6 months of forecast, with some areas showing differences greater than 1 m

compared to open-loop simulation. This spatial analysis allow identifying areas where the impact of DA fade quickly, with

difference to open-loop spatially reduced after 3 months and close to zero after 6 months of forecasts.

4 Discussion

This paper presents the implementation of a data assimilation scheme, using a LEnKF algorithm, for groundwater level fore-420

casting. We tested the method used with a regional hydrogeological model and different hindcast experiments, using real data
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Figure 6. Evolution of the RMSE for the hindcast experiment. RMSE is averaged over all the observation sites and each month of the

hindcast from 2018 to 2024. Each facet plot represents a different month of initialization for the forecast, from January to 12 December.

X-axis indicates the lead time of the forecast, in months. The red line illustrates the RMSE for the hindcast experiment with assimilation,

while the blue line represent the RMSE for the open-loop. Standard deviation across the hindcast years is represented by the shaded area.

and showing that groundwater level estimation can be improved and merged with data. The following section discusses the

findings of this study.
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Figure 7. Distributions of NIC for the hindcast experiment at different forecast horizons (“lead times”; 1, 3 and 6 months) across all

observations sites.

4.1 How does localization strategy impact results?

Two localization strategies have been used in this study: classical distance based localization and a correlation (semi-variance)425

based approach. For both methods, DA performed well and the estimation of groundwater level was improved for all the as-

similated sites. At verification locations, some differences appear between the two methods. Distance based method was able

to reduce the error at some observations sites where correlation method dampen too much DA increment, especially when

verification site is located upstream of assimilated sites and correlation identified are too low. Because distance based method

does not take into account any physical pattern, it is sometimes able to spread DA increment at longer distances, where no430

significant correlation are identified. Conversely, it also leads to stronger degradation of RMSE in other cases, even if obser-

vation and verification sites are relatively close to each other. In these cases, the correlation method appears to be more robust

by identifying areas in the model domain that does not follow the same dynamic. These results are coherent with the conclu-

sions of Li et al. (2023), who demonstrated that for real-world applications, DA improvement is sensitive to model structural

errors and missing processes (e.g. human activities/withdrawals). As for piezometric statistical mapping, semi-variance allow435

capturing some physical pattern statistically. Unlike Revel et al. (2019), for groundwater state variable, we did not include any

correction based on spatial direction (upstream/downstream) in the correlation calculation. This may explain some mitigated

performances of the correlation based localization method. Thus, spatial correlation could be improved using anisotropic pa-

rameters for the semi-variogram analysis (Geiger et al., 2025). Besides, distance weighted computation within the correlation

range, could be improved using another method than quasi-gaussian (GC) function. (e.g. using exponential decay, Verma et al.,440
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Figure 8. The simulated groundwater level with data assimilation at the initial forecast and the difference to this initial state at two different

lead times is shown in column 1. Column 2 shows the difference with open-loop simulation for the hindcast experiment initialized in April

2024. The model’s river network is shown as a blue line. The assimilated observation sites are represented as black dots.

2026). The semi-variance approach requires more preprocessing than the distance based method. One need to compute and fit a

variogram model for every cell couple between observed cells and the rest of the model domain. For large domain with multiple

observation sites this step can be computationally expensive (but only required once). Besides, if the distance based approach

is simpler to use, it should be noted that to be efficient, this technique also needs to be calibrated, for example based on a

variographic analysis as noted by Li et al. (2023). Although the semi-variogram approach can lead to more constraint spatial445

propagation of DA increment, the fact that degradation at verification sites is lower than distance based method is encouraging

for applications with real data configurations (spatial/temporal observations sites density). Recently Vossepoel et al. (2025) also

showed the advantage of correlation methods over distance based approach for oceanography reanalysis. The method used, as

for other studies (Luo and Bhakta, 2020; Rasmussen et al., 2015), is based on ensemble correlation whereas our approach

is based on open-loop spatio-temporal correlations. In future works, adaptive localization based on ensemble correlation, as450
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well as machine learning based algorithms (Cheng et al., 2023), could be tested for groundwater DA and compared to the

semi-variance method.

In our case, the model represents a shallow aquifer with a slow dynamic. The spatial correlation of groundwater level is

thus expected to be relatively high, and the semi-variogram method is able to capture this pattern. In other hydrogeological

contexts, with more complex aquifer system and faster dynamic, the spatial correlation of groundwater level may be lower. In455

such cases, the correlation based localization may need to be adapted. Moreover, our model represents a single aquifer layer.

In more complex multilayer aquifer system, the spatial correlation of groundwater level may be more complex to capture,

especially with slow leakage between layers. Further investigations are needed to evaluate the performance of correlation

based localization in such cases. Different methods could be tested to compute spatio-temporal correlation between all model

states for multilayer aquifer systems, such as Empirical Orthogonal Functions (EOFs) analysis.460

4.2 How does spatial observation density affect performances?

The different experiments with random selection of observations (80, 50 and 20%) show that the density of assimilated ob-

servations impact the DA performances. With fewer observations assimilated, the DA increment tends to be lower in most of

the model domain, leading to fewer improvements at verification sites. A cumulative effect of multiple observations is seen

with higher observation density, allowing a better propagation of DA increment in the model domain. Conversely, reducing465

the number of observations reduces the improvement. However, it does not deteriorate the results with the semi-variogram

localization method.

At some point in the model space, when observation spatial density decrease, the DA increment is close to zero, regardless

of the experiment. This is especially true in the valleys, near the rivers, where no observation sites are located. Correlation

based localization lead to null increment in these areas, as estimated correlation in time series between valleys and plateaus470

are low. In general, we expect DA increment to be spread (upstream/downstream and as lateral flow) by the diffusion process

of the groundwater flow equations. Hence, even we no direct influence of DA on a particular cell, a difference between OL

and DA can be observed from a time step to another due to the physical diffusion. Here, the diffusion process is not visible

from any observation sites to a valley downstream. This may be explained by the structural characteristics of the model and

the boundary conditions used. The river network is represented as a Cauchy/Robin boundary condition, with a fixed head in475

the river. Thus, the river act as a strong sink/source for the aquifer, limiting the lateral propagation of DA increment near the

rivers.

Besides, in our study, we did not use any specific observation operator. The simulated observation is an extraction of the

simulation at the centre of the cell where is located the observation. The geometry of the model is smoothed by the domain

resolution. Topography is average in cell, thus it does not share the same reference as observation. Hence, the observation error480

only includes sensor error and no representativeness error (representativeness of the observation in the model space). Still, we

apply DA correction as if the reference altitude was the same for the state variable and the observation. By doing this, we

did not take into account any specific configuration of the observation site. This could explain that for two adjacent cells, DA

correction might be relevant for the dynamic but not for the bias, as seen in the time series. The development of an observation
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operator could help to achieve better results, with a transformation function to get model equivalent of observations. Also, in485

real case applications, DA should include the most possible observations for a better analysis. Of course some may be filtered

out, but more observations could possibly be assimilated, for example non-local observations or multiple observations in a

same model cell. In such cases too, a relevant observation operator could improve DA configuration.

4.3 Is state assimilation efficient to improve groundwater level forecasting?

The hindcast evaluation of our DA scheme shows that groundwater level estimation can be improved over open-loop simula-490

tions, in a six months range forecast. As discussed in the previous sections, the initial calibration of the model, and the aquifer

local dynamic may influence performances of the DA system. But these results are encouraging for the use of such workflow

in hydrological seasonal forecasts.

The persistence of state data assimilation on groundwater forecast has been investigated in only a few studies, with varying

lead times. He et al. (2019) used a similar hydrological model with DA experiments and investigated the forecast accuracy495

with a 48 hours lead time. Hendricks Franssen et al. (2011) demonstrated a positive effect of DA on a hydrological model’s

predictions, up to 10 days after the update with state DA (and more with a synthetic case). Getirana et al. (2020) showed

benefits of DA during a seasonal forecast range, using a land surface model and ensemble forecast as forcings. Their results

where contrasted based on the location (and human influenced or local hydrogeological processes). In this study, we tested DA

effect on a forecast with six months range, showing the average error was still lower than open-loop simulations.500

These results, of course, depend on the dynamics of the aquifer. Here, the modelled chalk aquifer shows multiannual and

seasonal cycles (Baulon et al., 2022). This inertia leads to a greater persistence of DA corrections than in hydrosystems with

quicker fluctuations in water levels. In some areas of the Somme model where the groundwater level has a shorter response time

to forcing, the DA’s performance is less good. For such configurations, dual state-parameters or two-steps DA may be required

if initial parameters do not lead to an accurate reproduction of groundwater levels, in order to improve reanalysis or seasonal505

forecasts. Nevertheless, this approach remains relevant for our application in northern France, where most piezometers show a

predominance of multiannual cycles (Baulon et al., 2022). Still, even in such cases, the model calibration remains a key step to

ensure good performances of DA. Here, we chose to only update state as a first step, as the calibration of hydraulic parameters

is the results of expertise on the model and evolutions since its first version (Amraoui et al., 2002). But if the model is unable

to accurately simulate the main dynamics of the aquifer, DA may not be able to correct it properly. Several authors have also510

shown the benefits of dual state parameters for groundwater estimations (e.g., Hendricks Franssen et al., 2011; Rasmussen

et al., 2015; Hung et al., 2022). Therefore, a two steps DA, with a first step of parameter update followed by a state update,

could be more efficient in such cases. This method will be explored in our future works.

As shown in Fig. 4, open-loop time series might be affected by bias or time lag compared to observations. If commons

groundwater parameter (hydraulic conductivity and storage/specific yield) updates with DA might help, one must also bear515

in mind the conceptual model. In our case, the time lag in the modelled dynamics could be due to the complex response

of the aquifer to forcings and UZ processes being represented inaccurately. (Habets et al., 2010; Thiéry et al., 2018). In the

model chosen for this research, the UZ representation was simplified with a LSM coupled to a conceptual approach as transfer
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function to the groundwater layer, used as explained in section 2. In comparison, different studies used an explicit representation

of unsaturated flows with DA (e.g., Hung et al., 2022; Li et al., 2023). Computation burden of such model is extremely higher520

than computing groundwater level (GWL) using a layered saturated model, but a better representation of vertical fluxes through

unsaturated flow might be required to improve this part (Thiéry et al., 2018).

In this study, we assimilated groundwater head measurements to improve the simulated GWL with DA updates. Actually, in

the Aqui-FR modelling platform, drought seasonal forecasts are performed using a transformation of simulated GWL, with a

Standardized Piezometric Level Index (Vergnes et al., 2020) representing a form of GWL anomaly. As discussed previously,525

DA is able to correct the model state for biases and wrong dynamics with sequential updates, but persistence may vary because

of intrinsic characteristics of the aquifer, initial parameters set, and/or wrong representation of the measurements in the model

space. The GWL anomaly computed after DA run may also be impacted either because of a shift induced by DA updates or

because of the slow return to OL state. Hence, this behaviour might impact the identification of drought and can still lead to

performances when computing GWL anomaly or standardized index. To overcome this, it may be useful in future works to530

assimilate GWL anomalies instead of absolute measurements, through the observation operator for example.

Finally, in this study, we only used atmospheric and land surface reanalysis as forcings during the hindcast experiment.

Studies show the benefits of DA for river discharge forecasting with sequential assimilation method and in situ observations, for

example in France (Thirel et al., 2010) or in Sweden (Musuuza et al., 2023). Improvements are also expected for groundwater

seasonal forecast (Getirana et al., 2020). For a better evaluation of DA impact on groundwater forecasts, our future works535

should also use ensemble seasonal forecasts forcings.

5 Conclusions

This study investigated the implementation of a data assimilation scheme using a Local Ensemble Kalman Filter algorithm for

groundwater level forecasting. The method was tested with a regional hydrogeological model of the Somme basin (France) and

real piezometric data, within the Aqui-FR hydrometeorological modelling platform.540

Two localization methods were tested: a classical distance based approach and a correlation based approach, using semi-

variogram analysis of the model domain and open-loop simulations. Both methods showed good performances at assimilated

sites, with a reduction of RMSE greater than 90% compared to open-loop simulation. At verification sites, correlation based

localization showed more robust results, with less degradation of RMSE compared to distance based method. The correlation

based method was able to capture physical patterns of groundwater level dynamic, leading to a better identification of areas545

in the model domain that do not share the same dynamic. In the future, the correlation computation could be improved by

including anisotropic parameters in the semi-variogram analysis or multilayer case study.

The potential of the DA scheme for seasonal forecasting was evaluated through a hindcast experiment. Results showed

that groundwater level estimation can be improved over open-loop simulation, up to a 6 months lead time. These results are

encouraging for the use of such workflow in hydrological seasonal forecasts, especially in hydrogeological contexts with slow550

dynamics. Future work will include an assessment of ensemble seasonal forecasts for groundwater level forecasting.
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Appendix A: Supplementary figures

A1 Observed and simulated time series and frequency

Figure A1. Example of (a) typical time series of simulated (open-loop) and observed groundwater level in the study area and (b) associated

spectral analysis, showing annual and multiannual cycle pattern. Spectral analysis was computed using a Lomb-Scargle periodogram (Scar-

gle, 1982).

A2 Hindcast time serie

Figure A2. Example time series showing open-loop simulation (blue line) against analysis (red line), hindcast simulations (orange) and

observations (green). White dots indicate every forecast initialization. Time series during each forecast are shown as orange lines. The

observation sites correspond to the Fig. 4b, also located in Fig. 2
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Code and data availability. The groundwater level data used are available in the French national database ADES (https://ades.eaufrance.555

fr/, Winckel et al. (2022), last access: 10 July 2025). The SAFRAN/ISBA reanalysis is available at https://meteo.data.gouv.fr/. As part

of the AquiFR project led by the OFB ("Office Français pour la Biodiversité" in French for French Office for Biodiversity), the AquiFR

modelling platform is not directly hosted on any public repository. Details about the Aqui-FR code can be gathered upon e-mail request to

simon.munier@meteo.fr. Questions about the MARTHE code can be requested to marthe@brgm.fr. The data assimilation code is available

at https://doi.org/10.5281/zenodo.18953669. All data and code necessary to reproduce the figures from this study are available from the560

following Zenodo repository: https://doi.org/10.5281/zenodo.18851277.
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