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ARTICLE INFO ABSTRACT

Keywords: Study region: Northern Metropolitan France.

R§COHStYUCti0n Study focus: Assessing long-term changes in groundwater is crucial for understanding the impacts
BILSTI\(;[ of climate change on aquifers and for managing water resources.However, long-term ground-
gz:zle;llyvsvizter water level (GWL) records are often scarce, limiting the understanding of historical trends and

variability. In this paper, we present a deep learning approach to reconstruct GWLs up to several
decades back in time using recurrent-based neural networks with wavelet pre-processing and
climate reanalysis data as inputs. GWLs are reconstructed using two different reanalysis datasets
with distinct spatial resolutions (ERA5: 0.25° x 0.25° & ERA20C: 1° x 1°) and monthly time
resolution, and the performance of the simulations were evaluated.

New insights: Long term GWL timeseries are now available for northern France, corresponding to
extended versions of observational timeseries back to early 20th century. All three types of
piezometric behaviours could be reconstructed reliably and consistently capture the multi-
decadal variability even at coarser resolutions, which is crucial for understanding long-term
hydroclimatic trends and cycles. GWLs'multidecadal variability was consistent with the
Atlantic multidecadal oscillation. From a synthetic experiment involving a modified long-term
observational time series, we highlighted the need for longer training datasets for some low-
frequency signals. Nevertheless, our study demonstrated the potential of using DL models
together with reanalysis data to extend GWL observations and improve our understanding of
groundwater variability and climate interactions.

Deep learning

1. Introduction

Understanding variations in groundwater levels (GWLs) is crucial for water resource management, especially under changing
climatic conditions. Recent droughts across Europe have led to new restrictions on water use (Toreti et al., 2023). Hydrological
reconstruction can be a way forward to address the long-term statistical properties of climate variability (Massei et al., 2020) and
provide a complementary approach to better assess the impacts of climate change on hydrosystems (Bonnet et al., 2017a, 2020; Devers
et al., 2021; Dieppois et al., 2016).

Traditionally, reconstruction studies are carried out using simulation approaches that make use of long-term reanalysis products
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such as NOAA 20-CR and ERA20C. Bonnet et al. (2017b) used ERA 20C and NOAA 20CR for hydrological reconstruction in France
using a hydrological model. Bonnet et al. (2020) used a land surface model to reconstruct river flows using SAFRAN and NOAA 20CR
datasets to understand the influence of multi-decadal variability in high and low flows in the Seine basin. Jackson et al. (2016) used a
lumped conceptual model (Aquimod) to reconstruct multi-decadal groundwater level time series, and Ascott et al. (2020) did the same
for sub-Saharan Africa and showed that multi-decadal variability plays a role in GWLs. These approaches require downscaling and bias
correction when using global datasets, which is a resource-intensive process: Deep learning (DL) can help to avoid this task. For
example, Hagen et al. (2023) recently showed that using deep learning models with ERA20C atmospheric variables as input could be a
complementary approach to reconstruct streamflow without having to perform downscaling and bias correction as intermediate steps.

However, DL in hydrology is mostly used in the context of forecasting or hindcasting, and less often in simulation. As we have
already mentioned in (Chidepudi et al., 2023) and according to (Beven and Young, 2013), “simulation is defined as quantitative
reproduction of system behaviour without reference to observed output; “forecasting” is defined as reproduction of system behaviour ahead of
time with observed outputs up until the onset of forecast included”. In other words, forecasting uses past values of the target variable as
input to the model, i.e. prior knowledge of the target variable is required, whereas simulation depends only on the external variables
used as input to the model. In this context, ‘reconstruction’ corresponds to simulation. The paper by (Beven and Young, 2013) provides
detailed information as well as a thorough explanation of all these terms, which are theoretically well defined, not always well used
and often used interchangeably, which should be avoided.

Our review of the literature showed that only a few studies dealt with hydrological reconstruction (i.e. simulation) highlighting the
need for further research in this area. Given the immense potential of using DL to reconstruct hydrological variables, some studies have
demonstrated the usefulness of these approaches. For example, Uz et al. (2022) used deep learning to reconstruct GRACE total water
storage anomalies (TWSA) using reanalysis data (ERA5), and Satish Kumar et al. (2023) used artificial neural networks (ANN) to do the
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Fig. 1. Classification of long-term (1970-2020) groundwater level (GWL) monitoring stations based on GWL types: annual (red), mixed (green), and
inertial (blue). Figure shows GWL station locations (a) and normalised GWLs of all selected stations based on class (b).
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same. Kalu et al. (2022a) proposed a DL approach to reconstruct climate-driven terrestrial water storage (TWS) using global indices
and hydroclimatological datasets to assess the influence of global climate on hydrological fluxes. Jing et al. (2023) showed that DL
models outperformed tree-based models in simulating groundwater levels from GRACE data, even when influenced by human ac-
tivities. Xiong et al. (2022) used random forest (RF), support vector machine (SVM), and ANN to reconstruct monthly GWLs from
GRACE data, but such data are not long enough to be suitable for long-term reconstruction. Wunsch et al. (2022) used convolutional
neural networks which allowed them to develop projections (‘what-if’ simulation according to (Beven and Young, 2013)) and
investigate the influence of climate change on groundwater resources in the 21st century using only direct meteorological inputs. Vu
et al. (2021) used groundwater levels from nearby stations to fill in missing values at piezometric stations, but this type of approach
requires long-term GWL observations to be available in the vicinity of the target station. It is then necessary to explore the use of
external input variables to enable long term reconstruction in the context of deep learning models. In recent years, DL models have also
shown some potential in reconstructing missing GWL data (Vu et al., 2021) and forecasting surface and groundwater levels (Jahangir
et al., 2023; Kalu et al., 2022b; Vu et al., 2023), but there is still a lack of studies that have evaluated the capabilities of DL in
reconstructing GWLs over longer periods, up to a century.

Finally, the use of DL for simulation in groundwater studies is still relatively new, but has shown great potential in simulating
groundwater levels, and recently Chidepudi et al. (2023) used recurrent-based deep learning models (long short-term memory (LSTM),
gated recurrent unit (GRU), and bidirectional LSTM (BiLSTM)) to simulate groundwater levels affected by low-frequency variability
using meteorological input data from high-resolution SAFRAN reanalysis. This study also showed that the use of some wavelet
pre-processing (the so-called BC-MODWT: Boundary corrected-maximum overlap discrete wavelet transform) would improve the
simulations compared to standalone (i.e. without any pre-processing) deep learning models. As a follow-up to this study, in this work
we have analysed the capabilities of recurrent-based neural networks to simulate and reconstruct different types of GWL dynamics
using large-scale climate reanalysis data as input. To the best of our knowledge, this is the first study to exploit the potential of deep
learning for long-term groundwater level reconstruction, especially when GWLs contain both low-frequency (up to decadal) and
annual cycle timescales.

Several research questions and scientific locks need to be addressed. First, we examine the impact of the spatial resolution of the
input reanalysis data, as we know that there are different types of reanalysis products that serve different purposes. For example, the
coarse resolution ERA20C reanalysis is classically used to study hydroclimate variability over the entire 20th century, while the finer
resolution ERA5 only goes back to 1940. We also assess the ability of such models to produce consistent reconstructions of the GWL
that still contain meaningful or even crucial information about hydrological variability over more than several decades using much
shorter lengths of observed data (less than three decades). Finally, we discuss the influence of the length of the training data on the
performance of the models.

2. Data and methodology
2.1. Study area

The study area considered is shown in Fig. 1a and covers mainly the north of France and was selected on the basis of data
availability. Indeed, the spatial distribution of GWL time series duration across France is characterised by a pronounced north-south
divide, with the longest time series located in the Paris Basin and northeastern France, while time series are much shorter from the
extreme west to the south of France. This striking north-south divide can be attributed to the delayed establishment of the piezometric
network in central and southern France, which occurred in the 1990s. In northern France, on the other hand, the piezometric network
was already in place in the 1970s

In the area of northern France considered in the present study, most of the GWL time series consist of piezometers located in the
Seno-Turonian Chalk of the Paris Basin, which is the most represented aquifer among the selected piezometers, and in the Jurassic and
Eocene limestones at the edge of the Paris Basin, respectively at the eastern and southwestern edges of the basin. As described in the
next section, a major advantage of this area is that it contains 3 clearly contrasting GWL time series behaviours, despite its more limited
spatial coverage.

2.2. Datasets

In this study, both the existing GWL data available over contiguous France and external climate variables from ERA reanalysis
products were used. The GWL data were classified into 3 different classes according to Baulon et al. (2022a), according to the
characteristic time scales that define their respective variability. These 3 types correspond to annual, mixed and inertial, as shown in
Fig. 1b. The first GWL time series in Fig. 1b has an annual behaviour, i.e. the signal is strongly influenced by the annual cycle; the
second is the mixed GWL time series with both annual and interannual components, and finally the inertial GWL time series, which was
dominated by the low-frequency component. Understanding the dynamics of these three main behaviours is crucial for water resources
management, as they are also related to the physical properties of aquifers, such as recharge rate, permeability and storage, etc. Recent
studies have highlighted the importance of low-frequency variability and how its amplitude plays a crucial role in terms of estimated
trends or extremes (Baulon et al., 2022a, 2022b).

Of these three types, mixed behaviour is the most interesting, as it combines the dynamics of both annual and low frequency
dominated behaviour. The only long observational record (over 1 century) of groundwater levels available in the database that we
could use to assess the ability of our models to develop consistent backward extensions (i.e. reconstructions) of models that are of such
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a mixed type.

The input variables were taken from ECMWF ERA 20C (Poli et al., 2016) and ERA 5 (Hersbach et al., 2020), as summarised in
Table 1. ERA 20C and ERA 5, being the global datasets with comparatively better spatio-temporal resolution, become valuable inputs
to the models. ERA 20C covers a significant period of historical records dating back to 1900.

The selected input variables 10 m zonal (W-E) U-wind component (u10), 10 m méridional (S-N) V-wind component (v10), 2 m
temperature (t2m), evaporation (e), mean sea level pressure (msl), surface net solar radiation (ssr), total precipitation (tp), with spatial
resolution of 0.25 degrees (ERA5) and 1° (ERA20C) and monthly time resolution. The input variables used in this study are commonly
used forcing data for hydrological and land surface models as they are representative of atmospheric conditions and circulation,
moisture fluxes and radiative forcing (Kratzert et al., 2023; Mishra et al., 2018). This would also allow future studies to make fair
comparisons between reconstructions from data-driven models and other models (conceptual, hydrological, land surface models, etc.).
Furthermore, the datasets used in this study are globally available and widely used for various hydroclimatological applications.

The use and potential of these global datasets in the context of groundwater simulations remains unexplored. The GWLs used in this
study are from a database developed with wells that have not been strongly affected by human activities (water abstraction) and
remain sensitive to climate variability (Baulon et al., 2022a). Using these datasets, we reconstructed groundwater levels using the
period 1970-1996 for model training and 1997-2010 for testing. The reconstructed period was 1940-1970 for ERA5 and 1900-1970
for ERA 20C.

The wells used in this study were selected on the basis of data quality, with a minimum of continuous gaps or abnormal changes in
the data, and with data available from 1976 onwards. The models were trained and tested on the same data source (ERA20C or ERA5),
using standalone models and MODWT pre-processing.

2.3. Methodology

2.3.1. Recurrent based deep neural networks and wavelet pre-processing approach for the simulation of the GWL

In the current study, we trained recurrent-based deep learning models (long short-term memory (LSTM), gated recurrent unit
(GRU), and bidirectional LSTM (BiLSTM)) designed to handle sequential data and capture long-term dependencies. It is not the
purpose here to explain in detail how these neural network architectures work, and the reader is referred to the abundant literature on
this topic (Kratzert et al., 2019; Vu et al., 2021; Wunsch et al., 2022) or to our previous work using these three types of deep neural
network models (Chidepudi et al., 2023). In short, LSTM has one memory cell and three gates to regulate the flow of information:
forget, input, and output. GRU, on the other hand, is a simplified version of LSTM with only two gates (reset and update), designed to
improve the computational efficiency of LSTM (reduced number of parameters compared to LSTM). BiLSTM, on the other hand, trains
two LSTM models that learn forward and backward states, allowing even better exploitation of the available data. It should also be
noted that the BiGRU models, not used in this work, can also be used for the same objective (2-way exploration of available information
and reduced number of parameters). All these models are known for their ability to capture the non-linear relationship between input
and output variables, such as atmospheric or climatological inputs and, in our case, groundwater levels.

Bayesian optimisation was used to tune the hyperparameters for all models, using the same range of values as described in Table 1
of (Chidepudi et al., 2023). As a critical parameter for LSTM or GRU recurrent-based neural networks, the sequence length was set to 48
months, which was determined based on previous works on hydrological variability over northern France (Baulon et al., 2022a, 2022b;
Massei et al., 2010, 2017). These works showed that low-frequency multiannual variability in precipitation, originating from
large-scale climate variability, very often controls either streamflow or GWL variations. Although the amplitude of such low-frequency
temporal patterns remains very small in precipitation and other climate signals, their strong amplitude in GWL variability underscores
the need to provide recurrent networks with the ability to use information going back several years. While many climate models, such
as ENSO or NAO would show significant variability on 2 to 8 year time scales, a sequence length of 48 months (i.e. the number of
continuous time steps used in the form of a sequence to compute each point output) proved to be quite consistent to achieve the best
results (Chidepudi et al., 2023).

In addition, maximal overlap discrete wavelet transform (MODWT) pre-processing was used to decompose the original input signal
into multiple wavelet and scaling coefficients, representing the high-frequency and low-frequency components. The appropriate use of
this pre-processing technique aims to improve the groundwater level simulations by capturing the low-frequency variability, as shown
in (Chidepudi et al., 2023), following the best practices recommended by (Quilty and Adamowski, 2018). To maintain the uniformity
of the results and to avoid losing a large amount of data due to boundary conditions, it was decided to always use the least asymmetric
filter with a width of 8 (La8) for the wavelet models.

The results obtained from the different models with and without wavelet pre-processing were compared using different metrics in
the form of cumulative distribution function (CDF) curves to understand the performance across all the stations considered in the

Table 1
Summary of data sources used in this study.
Type of data Data source Years Temporal resolution Spatial resolution
Reanalysis ERA 20C (Poli et al., 2016) 1900-2010 Monthly 1.0*1.0
ERA 5 (Hersbach et al., 2020) 1940-2022 0.25%0.25
Observed GWL data ADES (Winckel et al., 2022) 1970-2020 Monthly Station data
Long GWL timeseries (Tincques) 1903-2020
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study. The study also used a multimodel approach for uncertainty quantification, with different models, each with different initiali-
sations. In addition, the study considered the median to calculate metrics instead of the mean to be robust against outliers. The metrics
used to evaluate the performance of the models were NRMSE (normalised root mean square error), MAE (mean absolute error) and
KGE (Kling Gupta efficiency) (Gupta et al., 2009).

3. Results

We investigated how recurrent-based neural networks perform in reconstructing long-term (i.e. several decades back in time) time
series, where only a few decades are available for both training and testing the models, typically ~25 and 15 years respectively. ERA5
and ERA20C, which differ in length and spatial resolution, were tested.

All models with and without MODWT were tested for all GWL stations. The results obtained are then plotted separately for each
type of GWL. For a synthetic presentation, these results are presented as empirical cumulative distribution functions of Kling-Gupta
efficiency (KGE) values for all the different model combinations for both ERA5 (in the first column) and ERA 20C (in the second
column) (Fig. 2). In the current study, KGE is considered over NSE or other metrics as it is more comprehensive than NSE and combines
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Fig. 2. Cumulative density functions of the KGE for standalone (SA) and wavelet-assisted (Wav) models for both ERA5 (first column) and ERA 20 C
(second column). Each model is represented by a different colour: BILSTM (blue), LSTM (green), and GRU (red) for standalone models, and cor-
responding dotted lines for wavelet models.
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three components of model error (correlation, bias, & ratio of standard deviations).

The standalone models are marked ‘SA’, and the wavelet-assisted models are marked ‘Wav’. Each model is represented by a
different colour: for example, the standalone models BiLSTM, LSTM and GRU are represented by sky blue, light green and violet
respectively, while the wavelet models BiLSTM, LSTM and GRU are represented by orange, red and brown respectively.

It is clear from Fig. 2 that all types of architectures (LSTM, BiLSTM, GRU) often perform similarly overall, with only minor dif-
ferences for annual GWLs with KGE greater than 0.5, while the differences are more pronounced for mixed and inertial GWL types.
Second, the wavelet-assisted models (henceforth referred to as Wav models in the text) systematically outperformed the standalone
models in all cases, confirming the findings of (Chidepudi et al., 2023). Indeed, it is easy to see from Fig. 2 that Wav
LSTM/BiLSTM/GRU always had higher KGE values. Fig. 2 also shows that BiLSTM with wavelet pre-processing would slightly
outperform the other models in many cases (orange lines in Fig. 2), suggesting that this approach is effective in capturing long-term
temporal patterns. We then preferred to use this model for further analysis and simulations. There did not appear to be any substantial
difference in KGE values when comparing ERA5 and ERA20C, although it looks like the results are slightly better for ERA5, especially
for annual and mixed GWLs; this is related to the effect of spatial resolution which is discussed further below. Nevertheless, the KGE
values seem to be more inconsistent for the inertial type of GWLs. This will be investigated below to assess the reasons for this
inconsistency.

While the main objective of this study is to develop suitable models for reconstructing the GWL as far back as possible, another aim
of the study was to assess the impact of the spatial resolution of the reanalysis data (i.e. ERA5 vs. ERA20C) on the GWL simulations. To
better understand the difference between the ERA5 and ERA20C reconstructions, the performance of the Wav-BiLSTM model is
compared in both cases, as shown in Fig. 3. ERA5 gave slightly better test results than ERA20C in the case of annual and mixed GWL
types, while very similar results were observed in the case of inertial GWL types. Although there are no studies comparing ERA5 and
ERA20C in groundwater simulations, a recent work dedicated to streamflow reconstruction (Hagen et al., 2023) showed that the scale
issues are a softer constraint for machine learning than in traditional hydrological modelling. In addition, climate impact studies using
global climate outputs may require the use of coarse resolution reanalysis datasets and longer periods of climate records. This makes it
imperative to use ERA20C until sufficient long-term fine-resolution data become available.

Furthermore, validating the model performance of long available GWL observations using the long-term climate reanalysis data can
provide a basis for identifying the robust models for reconstructing GWL. While there are quite a few studies on runoff reconstruction
from reanalysis datasets (Ghiggi et al., 2019; Hagen et al., 2023; Nasreen et al., 2022), there are only a few studies on groundwater
levels.

Using the only long, consistent and reliable “Tincques” time series available over France (Tincques station), we then aimed to
validate the approach for long-term reconstruction. Fig. 4a-4c shows the CDF plots of simulations versus observations over the period
(1996-2010) for all three wavelet-based models. From Fig. 4 the GWLs are slightly better captured in the case of BiLSTM, although low
levels are slightly underestimated, and Fig. 4d shows the reconstruction of the Tincques long-term observations in the form of a time
series plot using wav-BiLSTM. In addition, the reconstruction results in this case are further validated on the historical period before
1970 when the long-term observations are available, further confirming the performance of the model in producing reliable re-
constructions into the past. The results on the test set (KGE:068, MAE:1.77 & NRMSE:0.15) are in this case comparable to those on the
reconstruction set (KGE:0.69, MAE:1.77 & NRMSE:0.16).

As demonstrated above, our reconstruction approach based on training with ~20-25 years of observed GWL revealed the capability
of achieving a quite good reconstruction over 60 years back in time (i.e. between 1910 and 1970). The only available observed time
series (Tincques station) dating back to 1903 was used to assess the quality of the extension in the past. Fortunately, the Tincques time
series is of the so-called mixed type, which means that it was a perfect candidate for evaluating the reliability of the developed models
in dealing with both annual and low-frequency variability. On the other hand, for time series of the inertial type (i.e. dominated only by
multiannual to decadal variability), in some cases no satisfactory results could be obtained, which need to be analysed and discussed. It
should also be noted that systemic changes or changes due to human influence are not part of the current study.
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Fig. 3. CDF comparison of KGE values of the BiLSTM with wavelet (La8) for different GWL types.
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Fig. 4. Cumulative density functions (CDF) of simulated vs observed (skyblue) Tincques on the test set(a-c). Reconstruction of the longest GWL level
time series available for double validation (d).

4. Discussion and conclusion
4.1. Identification of multidecadal variability in GWL

We then generated long-term reconstructions for all the short-term time series in the database, which are now available for any
further investigation. Three examples of such reconstructions, one for each type of piezometric behaviour, are shown in Fig. 5. Despite
recent studies in defence of metrics, it is challenging to rely entirely on metrics, as different metrics can lead to different conclusions, as
shown below in Fig. 5a - 5¢, which compare the comparison of the best reconstructed groundwater levels in each of the three main
GWL types, and in the Appendix, Fig. 8, which compares reconstructions with low KGE values.

Different objectives can be pursued that require long time series. From a hydroclimatological point of view, assessing trends or
changes in extremes over the long term is of great interest. However, as emphasised in the introduction of this article, a particular
challenge remains to identify the contribution of multidecadal variability in hydroclimatic time series. As highlighted in several
previous studies (Boé and Habets, 2014; Bonnet et al., 2017a), multidecadal variability due to natural climate variability may either
mask, reduce or amplify the effects of anthropogenic climate change. This can affect interpretations or conclusions drawn in retro-
spective studies and increase uncertainty in projections or long-term forecasts. Using the same long-term Tincques station as in our
study, Baulon et al. (2022b) showed that the Atlantic Multidecadal Variability (AMV), also known as the Atlantic Multidecadal
Oscillation (AMO), would play a role in modulating the occurrence of groundwater extremes over the past century. We then inves-
tigated how well our reconstructions would capture such multidecadal variability for all three types of GWL time series.

To extract such a low-frequency oscillation, all reconstructed and Tincques observed time series were smoothed with a LOESS
smoothing filter. Fig. 6 shows the comparison of such smoothed time series for all reconstructions (all types combined, grey) and the
long-term observed data (Tincques, black line). For comparison and presentation purposes, all time series have been normalised
(which obviously gives an exaggerated perception of the true amplitude of this oscillation in the time series). All reconstructed and
observed time series show the same long-term multidecadal pattern. It is interesting to note that when only shorter time series are
available (e.g. from 1970 onwards), such multidecadal variability can easily be mistaken for a trend. This multidecadal pattern was
compared with the AMO index, confirming a potential influence of the AMO on groundwater levels as suggested by Baulon et al.
(2022a, 2022b) or Bonnet et al. (2020).

The main limitation of the proposed approach identified concerned GWLs time series that were completely dominated by very low
frequency variability. In some of these cases, the deep learning models did not achieve satisfactory results, even when assisted by
wavelet pre-processing.

Although our results seemed quite consistent overall, we had identified some difficulties for the models to achieve good simulations
for the most low-frequency GWL time series. For instance, a substantial number of low KGE values were obtained for inertial-type
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Fig. 5. Comparison of reconstructed annual (a), mixed (b) and inertial (c) groundwater level (GWL) variations with best Kling-Gupta efficiency
(KGE) values.

GWLs (Figs. 2 and 3). The inconsistency of the reconstruction for the highly inertial type of GWLs, as shown in Fig. 7a, could be due to
not learning enough relevant data patterns in the data. Given the lack of data available in this case, it is not surprising that they did not
work: the information we get for this case would not be enough to achieve acceptable reconstructions. To illustrate this hypothesis, we
carried out further experiments with synthetic time series that would replicate the most inertial time series by applying LOESS
smoothing to the available Tincques long time series. The observational Tincques time series were smoothed until a highly inertial
behaviour was observed, that would be comparable to the most inertial observed (blue line in Fig. 7b and c). Fig. 7b shows the
reconstruction obtained with the same training data as the high inertial time series which, as expected, did not give good results.
However, when the training data was increased by a further 20 years, the results improved significantly: for example, the KGE values
would increase from —0.30 to 0.61 (Fig. 7c). This confirms the need for longer training data to achieve a better reconstruction in this
case. While it is not always practical or possible to increase the amount of training data over time, another alternative could be to train
on data from multiple stations, leading to regional models: in this way, much more information would be available for the model to
learn such low-frequency variability. Our preliminary experiments with regional models showed improved simulations for this type of
GWL. However, this approach would require further analysis for generalisation and is therefore beyond the scope of the current study.
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4.2. Concluding remarks

This study demonstrated the potential of deep learning models to reconstruct groundwater levels (GWLs) from reanalysis data with
and without wavelet pre-processing. The DL models used input variables from two different reanalysis datasets (ERA20C and ERA5)
separately. The performance of these models was compared for three different types of groundwater level behaviour (annual, mixed,
and inertial). To further validate the approach for long-term reconstructions, the only long, consistent, and reliable time series
available in France was used. This validation on the historical period before 1970, for which observations are available, resulted in
results comparable to those of the original test set after 1996, confirming the reliability of the models in providing reliable re-
constructions into the past. The ability of the models to capture multi-decadal variability was also evaluated for all reconstructions of
groundwater levels in northern France. Overall, the models presented in this study proved capable of significantly extending the
temporal information to produce reliable reconstructions. For example, these reconstructions were able to capture a meaningful trend
that corresponded to multidecadal variability originating from the large-scale climate.

Both ERAS5 and ERA20C would be useful in different contexts because while ERAS5 has a high resolution and leads to a slightly better
reconstruction, these data are currently only available up to 1940, while ERA20C is available up to 1900, but ends in 2010. Therefore,
ERAS could be a good alternative for more recent periods in the future. While wavelet-assisted models outperformed standalone
models in all cases, wav-BiLSTM consistently outperformed other wavelet models. Multi-decadal variability was found in all wav-
BiLSTM reconstructions. Inertial GWLs have a high variance in uncertainty compared to annual and mixed. An experiment with an
artificial long-term observational time series suggested that this is logically due to the amount of data available for training that would
be required to capture enough of the information characterising GWL variability. We expect that highly inertial types of GWL would
require longer training data for the models to achieve acceptable results, and that training the models at multiple stations simulta-
neously may help to overcome this issue. Our preliminary results with the multi-station approach showed that there is an improvement
in the case of the inertial type of groundwater levels, even when very low frequency variability would dominate the GWL signals.

Although the results presented here are only reconstructions, their effectiveness for this purpose would lead us to expect that this
type of model would be useful for generating projections into the next few decades, as the similar types of variables are also available in
GCM outputs. This would open the possibility of assessing future changes in groundwater resources in relation to climate change. In
this context, the ability of deep learning models to cope with biases in GCM outputs without requiring bias-correction techniques as a
prerequisite would also be an interesting research topic to address. Future research can also focus on developing even more frugal Al to
reduce model complexity, testing the proposed models for minimal layers and other simple loss functions, and using large spatial grids
to capture climate regimes or identifying relevant grids using correlation or more sophisticated approaches (Massei et al., 2017).
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