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Key Points: 15 

• Future changes indicated predominantly decreasing trends in groundwater levels and 16 

variability, intensifying from SSP2-4.5 to SSP5-8.5. 17 

• Variability of annual-type aquifers increased for all emission scenarios. 18 

• Paradoxically, groundwater levels seemed higher in the future compared to the historical 19 

period for all scenarios. 20 

  21 

mailto:sivaramakrishnareddy.chidepudi@univrouen.fr


 

2 

Abstract 22 

In a context where anticipating future trends and long-term variations in water resources is 23 

crucial, improving our knowledge about most types of aquifer responses to climate variability 24 

and change is necessary. Aquifers with variability dominated by seasonal (marked annual cycle) 25 

or low-frequency variations (interannual to decadal variations driven by large-scale climate 26 

dynamics) may encounter different sensitivities to climate change. We investigated this 27 

hypothesis by generating groundwater level projections using deep learning models for annual, 28 

inertial (low-frequency dominated) or mixed annual/low-frequency aquifer types in northern 29 

France from 16 CMIP6 climate model inputs in an ensemble approach. Generated projections 30 

were then analysed for trends and changes in variability. Generally, groundwater levels tended 31 

to decrease for all types and scenarios across the 2030-2100. The variability of projections 32 

showed slightly increasing variability for annual types for all scenarios but decreasing variability 33 

for mixed and inertial types. As the severity of the scenario increased, more mixed and inertial-34 

type stations appeared to be affected by decreasing variability. Focusing on low-frequency 35 

confirmed this observation: while a significant amount of stations showed increasing variability 36 

for the less severe SSP 2-4.5 scenario, low-frequency variability eventually showed slight yet 37 

statistically significant decreasing trends as the severity of the scenario increased. For the most 38 

severe scenario, almost all stations were affected by decreasing low-frequency variability. Finally, 39 

groundwater levels seemed, in most instances, slightly higher in the future than in the historical 40 

period, without any significant differences between emission scenarios. 41 

Plain Language Summary 42 

The groundwater levels in aquifers can vary seasonally but also over much longer time scales, 43 

displaying longer-term variations than just annual. According to such behaviours, their future 44 

evolution regarding climate variability and change may vary significantly. Using different 45 

greenhouse gas emissions and socioeconomic trajectories, various climate models that 46 

eventually released different scenarios of precipitation and temperature, and deep learning 47 

models to simulate groundwater level changes, we investigated how the different types of 48 

groundwater level behaviours would respond to climate change, taking the example of northern 49 

France where all these groundwater level types can be found. Future trends would show 50 
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decreasing levels between 2030 and 2100. Yet, the amplitude of groundwater level variations 51 

would increase for aquifers with dominating seasonal variability, while it decreased for aquifers 52 

varying more slowly through time. Paradoxically, in many, if not most cases, the expected 53 

groundwater levels - in particular for slow-varying types - would be higher in the near or even far 54 

future as compared to the historical 1970-2022 period, even for the most severe climate change 55 

scenario. Although in line with other studies in the same or nearby regions, understanding this 56 

phenomenon will deserve deeper investigation. 57 

1 Introduction 58 

Groundwater is a vital freshwater resource for sustaining domestic, agricultural, and industrial 59 

activities. However, the sustainability of groundwater resources is under threat due to the 60 

impacts of climate change and human interventions (Jasechko et al., 2023; Mishra et al., 2024; 61 

Scanlon et al., 2023; Taylor et al., 2013). Assessing the potential effects of climate change on 62 

groundwater levels is of paramount importance, particularly in regions that heavily rely on 63 

groundwater resources and are vulnerable to changes in climate, such as northern France 64 

(Habets et al., 2013; Vergnes et al., 2023). Robust projections of future groundwater levels under 65 

different climate change scenarios are essential for informed water resource management and 66 

the development of effective adaptation strategies. The Coupled Model Intercomparison Project 67 

Phase 6 (CMIP6) provides state-of-the-art information on plausible global to regional climate 68 

changes in the past, present, and future (Eyring et al., 2016). However, climate models show large 69 

uncertainty due to model physics differences, emission scenarios sensitivity, and internal climate 70 

variability (Atawneh et al., 2021; Hawkins & Sutton, 2009; Lehner et al., 2023). In addition, when 71 

analysing climate change impacts on hydrological variations and trends, additional uncertainties 72 

arise from the hydrological model structures and parameterisations (Clark et al., 2016; Melsen et 73 

al., 2018; Wu et al., 2024; Yuan et al., 2023). Nevertheless, only 20% of groundwater impact 74 

studies considered the influence on climate model uncertainties (Atawneh et al., 2021). 75 
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Characterising such uncertainties is crucial for enhancing the reliability of climate change impact 76 

scenarios for groundwater resources.  77 

Most of the time, physically-based hydrological models have been employed to assess the 78 

impacts of climate change on groundwater resources (Costantini et al., 2023; Halloran et al., 79 

2023; Mishra et al., 2024; Vergnes et al., 2023). However, due to the substantial computational 80 

time and specific data requirements associated with these models, data-driven methods have 81 

become increasingly popular complements or sometimes alternatives (Bhasme et al., 2022; 82 

Chidepudi et al., 2023a; Hauswirth et al., 2021; Rehana & Rajesh, 2023; Wunsch et al., 2022). In 83 

recent years, some studies have employed artificial intelligence (AI), machine learning (ML), and 84 

Deep Learning (DL) models in conjunction with CMIP5 and CMIP6 climate projections to assess 85 

the impacts of climate change on groundwater levels (Chakraborty et al., 2021; Kayhomayoon et 86 

al., 2023; Nozari et al., 2022; Roshani & Hamidi, 2022; Xiong et al., 2022; Wunsch et al., 2022; 87 

Nourani et al., 2023; Secci et al., 2023). Most of these approaches used neural networks and at 88 

least one deep neural network architecture (i.e., DL). Many different architectures exist that can 89 

be mostly suited for specific tasks in handling time series data. Recently, Secci et al. (2023) 90 

compared different types of DL models (NARX, LSTM, and CNN) and found that long short-term 91 

memory neural networks (LSTM) outperformed the others due to their ability to handle long-92 

range dependencies. Long et al. (2024) reached similar conclusions and demonstrated the ability 93 

to capture complex spatiotemporal patterns and nonlinear relationships between climate 94 

variables and hydrological processes.  95 

Most of the studies dealing with groundwater level simulation using DL approaches either mainly 96 

considered aquifers dominated by seasonal variability or develop forecasts on quite short 97 

forecasting horizons, up to a few days or weeks (Boo et al., 2024; Rajaee et al., 2019; Tao et al., 98 

2022; Uc-Castillo et al., 2023). However, it is now well-recognised that interannual to decadal 99 

variability affecting groundwater level originates from large-scale climate variability (Baulon et 100 

al., 2022; El Janyani et al., 2012; Hanson et al., 2006; Holman et al.,2011; Liesch & Wunsch, 2019; 101 

Massei et al.,2010; Neves et al., 2019; Rust et al., 2019), and can significantly impact decadal 102 

trends at the regional scale in climate change projections. Such interannual to decadal variability 103 
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is represented differently by different climate models and individual simulations from the same 104 

climate model (i.e., different ensemble members; Deser et al., 2012; Deser & Phillips, 2023). 105 

Emission scenarios can also modify low-frequency variability as climate change impacts large-106 

scale modes of variability and teleconnections (Klavans et al., 2022; Mahmood et al., 2022; 107 

Terray, 2012). Therefore, It is also crucial to consider aquifers that behave on more low-frequency 108 

dynamics, develop and apply DL tools that can appropriately describe such variability in 109 

groundwater systems, and assess how systems subject to low-frequency variability would behave 110 

under climate change compared to those dominated by seasonal variations, which seemed to 111 

have received more attention so far. 112 

The study presented here uses DL techniques and CMIP6 climate change scenarios to provide an 113 

overview of the potential impacts of climate change on groundwater levels for different types of 114 

aquifers dominated by seasonal variability or low-frequency variability (or a mix of the two). 115 

These three examples of contrasted behaviours are observed in northern France, which is here 116 

used as a case study. The research assesses potential alterations in groundwater level trends and 117 

variability due to future climate conditions. Employing a multi-station deep learning approach, 118 

we generated groundwater level projections for the region, incorporating three different climate 119 

change scenarios and socioeconomic pathways. This approach aims to capture the spatial 120 

patterns and temporal evolution of projected groundwater level changes across northern France 121 

according to the hydrological systems' characteristic behaviour (annual, mixed, inertial) to assess 122 

their sensitivity to different climate change scenarios. Furthermore, the study evaluates the 123 

performance, uncertainties, and limitations of the deep learning methodology and the climate 124 

model projections utilised in the groundwater level projection analysis. 125 

The rest of the paper is structured as follows: Section 2 presents the data and study area. Section 126 

3 presents the methodology of models and the trend and variability assessment of projections. 127 

Section 4 presents the dispersion of GWL projections under different scenarios. Section 5 128 



 

6 

discusses the time evolution of GWL projections. Section 6 presents our comparison with other 129 

relevant studies and conclusions.   130 

2 Study Area and Data 131 

The study focuses on the northern region of France, primarily encompassing the Paris Basin and its 132 

surrounding areas. This region was selected due to long-term groundwater level (GWL) data availability, 133 

which is crucial for accurate projections. A significant advantage of this area is the presence of three 134 

distinct GWL behaviours despite its relatively limited spatial coverage: 1- reactive aquifers dominated by 135 

seasonal variability ("annual" type), 2- aquifers with marked seasonal variations along with significant low-136 

frequency variability (“mixed" type), and 3- aquifers dominated by low-frequency variability ("inertial" 137 

type). Example time series of these three types are provided in Figures 3-5 (observational data, left panel). 138 

This diversity in groundwater level patterns provides a valuable opportunity to assess the performance of 139 

the deep learning models in capturing various hydrogeological conditions and responses to climate 140 

variability. 141 

 142 

Figure 1: Study area and location of stations with details of GWL types: Annual (red dots), Inertial (blue 143 

triangles), Mixed (green lozenges) 144 
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The dynamic climate variables (precipitation and temperature) were obtained from the ERA5 reanalysis 145 

dataset (Hersbach et al., 2020), which provides forcing data at a high spatial resolution of 0.25 degrees. 146 

The selection of these two variables was made for several reasons. First, precipitation and temperature 147 

are available across all 16 selected climate models and three scenarios, ensuring consistency and reliability 148 

in the data used for analysis. Second, using these variables maintains coherence with other studies within 149 

the same research framework, allowing for better comparability and integration of results. Third, 150 

precipitation and temperature are fundamental drivers of hydrological processes, making them the most 151 

relevant basic variables for projections. Finally, focusing on these two key variables keeps the approach 152 

parsimonious regarding data availability and processing requirements, enhancing the efficiency and 153 

reproducibility of the analysis while still capturing the essential climate dynamics for groundwater 154 

projections. The groundwater level data were sourced from the ADES (Accès aux Données sur les Eaux 155 

Souterraines) database (https://ades.eaufrance.fr/; Winckel et al., 2022), specifically focusing on climate-156 

sensitive wells minimally influenced by human activities and exhibiting strong sensitivity to climate 157 

variability (Baulon et al., 2022).  158 

To generate future GWL projections, climate data from 16 CMIP6 models were used as inputs in deep 159 

learning models trained on data from ERA5. Three Shared Socioeconomic Pathway (SSP) scenarios were 160 

considered: SSP2-4.5 (moderate emissions), SSP3-7.0 (severe emissions), and SSP5-8.5 (extreme 161 

emissions). These scenarios represent different future pathways of greenhouse gas emissions and 162 

socioeconomic factors, allowing for a comprehensive assessment of potential climate change impacts on 163 

groundwater resources.  We chose to utilise the bias-corrected datasets from the NEX-GDDP-CMIP6 164 

dataset, which has data for only one variant for each CMIP6 model. Hence, the uncertainty related to 165 

internal climate variability is not considered (Deser et al., 2012). 166 

3. Methodology 167 

3.1 DL models and neural network architectures 168 

This study employs a deep learning approach to project future groundwater levels in northern France 169 

using climate projections from CMIP6 models under different emission scenarios. The methodology builds 170 

upon Chidepudi et al.'s (2024b) findings, which demonstrated the effectiveness of models trained with a 171 

multi-station approach on clustered data combined with wavelet preprocessing.  172 

While the efficiency of LSTMs has long been demonstrated, other recurrent-based architectures have 173 

emerged more recently, like the Gated Recurrent Unit (GRU), as Cho et al. (2014) described. GRUs have a 174 

https://ades.eaufrance.fr/
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simpler architecture than LSTMs, which can lead to faster training. Additionally, GRUs have shown 175 

comparable or sometimes superior performance to LSTMs in various sequence modelling tasks, making 176 

them an attractive alternative for groundwater level modelling (Chidepudi et al., 2023a). The core of our 177 

approach then utilises GRU neural networks according to their ability to capture long-term dependencies 178 

in sequential data and their computational efficiency. 179 

Our neural network models are trained with inputs from ERA5 data preprocessed using the Boundary 180 

Corrected Maximal Overlap Discrete Wavelet Transform (BC-MODWT), implemented with a 'la8' (least 181 

asymmetric) wavelet and four decomposition levels, as in Chidepudi et al. (2023a). This technique 182 

effectively separates input signals into different frequency bands while preserving time information and 183 

mitigating boundary effects (Quilty & Adamowski, 2018; Chidepudi et al., 2023a). It is important to note 184 

that for each input time series or feature, BC-MODWT produces five new time series: four wavelet detail 185 

levels corresponding to the decomposition levels and one smooth approximation. For more details about 186 

discrete wavelet transform and MODWT, the reader can refer to the very rich literature on the application 187 

of wavelet methodology to hydrology, such as Labat et al. (2000), Percival & Walden (2000) and Massei 188 

et al. (2017). This preprocessing step is applied to climate reanalysis data, which serves as input for the 189 

GRU models during training and validation. Specifically, if the original input consisted of N features, the 190 

BC-MODWT preprocessing would result in a 5N time series as input to the model, each maintaining the 191 

original temporal resolution but capturing different frequency components of the original signals. The 192 

observed groundwater levels are used as the target variable. 193 

This study adopts a multi-station approach, where GRU models are trained within each GWL cluster 194 

(annual, mixed, or inertial) using aggregated data from multiple stations. Most recent studies have 195 

focused on single-station approaches, which consist of training DL models based on a single target time 196 

series (i.e. the DL model learns from known values of the one-time series to be eventually simulated). For 197 

the last couple of years, recent research has suggested that models trained with more diverse data can 198 

result in more reliable hydrological projections (Wi & Steinschneider, 2022), as this would enhance the 199 

capabilities of the models for generalizability and transferability. The approach consists of training DL 200 

models for time series regression on multiple time series (in our case, GWL time series) simultaneously, 201 

hence leveraging a wider range of relevant values or hydrological events than available in a single station 202 

time series. The approach has already been called the “global models” or “multi-well” approach 203 

(Heudorfer et al., 2024) or “multi-station” (Chidepudi et al., 2023b & 2024b). This key finding highlights 204 

the potential advantages of multi-station approaches over single-station methods. Typically,  the multi-205 
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station approach used herein leverages collective information from stations with at least 42 years of data 206 

(1970-2022), enhancing the model's ability to capture spatial patterns and increasing the generalizability 207 

of the projections. Only dynamic variables, such as precipitation and temperature, are used as input 208 

features. 209 

Data preprocessing includes normalising each input variable individually to be in the 0-1 range and 210 

reshaping it into a 3D format suitable for GRU models. A sequence length of 48 months is used to capture 211 

long-term patterns in the data. To enhance robustness and mitigate the effects of random weight 212 

initialisation, multiple GRU models (10) are trained with different initialisations, creating an ensemble 213 

approach. As described in Chidepudi et al. (2024b), hyperparameter tuning was performed using Bayesian 214 

optimisation. 215 

The models are trained using early stopping and model checkpointing techniques to prevent overfitting 216 

and save the best-performing model. A 20% validation split is used to monitor performance during 217 

training. Importantly, models are trained with collective data from all stations in each cluster with at least 218 

42 years of data (1970-2022), ensuring a comprehensive historical context. 219 

3.2 Assessing trends and variability in projected GWL under three SSP scenarios 220 

The trained ensemble GRU models are applied to the wavelet-transformed CMIP6 climate projection data 221 

to generate projections. As a reminder, the total number of features would equal 10 (two variables, i.e. 222 

precipitation and temperature, each decomposed into five wavelet components). The median of the 223 

ensemble predictions is calculated for each CMIP6 model, as shown in Figure 2. Then, the median across 224 

all models is computed to produce a robust projection for each scenario. 225 

For each GWL station, up to 160 projected time series were generated, corresponding to 16 climate 226 

models and 10 initialisations of the DL model. For each climate scenario, the results are presented either: 227 

i) for each climate model individually (i.e., for each climate scenario, 10 GWL projected time series 228 

corresponding to 10 DM model initialisations; cf. Fig. 2); ii) 2- for all climate models together (i.e., 160 229 

GWL projected time series corresponding to 16 climate models with ten initialisations of the DL model). 230 

A median time series of the 10 or 160 projections is derived in these two cases. It is then used to assess 231 

the ensemble trend and explore a possible change in the amplitude of the variability of GWL. In other 232 

words, the ensemble median time series (ensemble of either only 10 or 160 projected time series) is 233 

tested for stationarity in the weak sense (i.e. change in mean and variance) throughout the period 2030-234 

2100 to assess whether a change in GWL is to be expected on average, and if the overall variability would 235 
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also tend to change. Figure 3 illustrates such changes using one randomly selected GWL projection and is 236 

described later in the text. Ultimately, it comes to exploring whether water levels and their amplitude of 237 

variation (difference between high and low levels) will be expected to increase, decrease, or remain 238 

unchanged. 239 

 240 

 241 

Figure 2: Structural workflow of the methodological approach for projections. 242 

Trend analysis is performed using the Correlated Seasonal Mann-Kendall (CSMK) test, an extension of the 243 

classical Mann-Kendall trend test proposed by Hipel & McLeod (1994). The CSMK test is a non-parametric 244 

statistical method that detects monotonic trends in seasonal time series data with serial correlation. It is 245 

particularly suitable for hydrological and climate variables (Hussain et al., 2019). This test accounts for 246 

both seasonality and the correlation between observations in consecutive months or seasons, addressing 247 

the limitations of the classical MK test. The CSMK test does not require the data to follow a specific 248 
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distribution and can handle missing values and outliers. It operates by separating the time series into 249 

seasonal groups, calculating the MK test statistic for each season, adjusting for serial correlation, and then 250 

combining the results to obtain an overall trend assessment. A standardised test statistic is computed and 251 

compared to a critical value (using a P-value of 0.05) to determine if a statistically significant trend exists. 252 

The CSMK test is robust against non-normality and censored data, making it particularly valuable for 253 

analysing trends in groundwater levels, precipitation, temperature, and other variables relevant to 254 

groundwater projections using deep learning models, especially when these variables exhibit strong 255 

seasonal patterns and serial correlation. Sen’s slope is also computed as part of the CSMK test. 256 

This analysis is conducted for each groundwater station, climate scenario, and GWL  type. For assessing 257 

trends in GWL, the time series used for the MK trend test is the median of the ensemble. The ensemble 258 

would consist of either 10 or 160 projected time series: 259 

- 10 projected time series when climate models are taken separately, i.e. for each climate model, ten 260 

projections corresponding to the ten different initialisations of the DL model are obtained; 261 

- 160 projected time series when all climate models are grouped, leading to 10 DL initialisations * 16 262 

climate models. 263 

For assessing a change in the variability at each station, the time series used for the MK trend test is the 264 

estimated variance across time of the median of several projections. The times series’ variance is 265 

estimated using so-called scale-averaged wavelet power, following the procedure described in Torrence 266 

and Compo (1998). At each time point, the scale-averaged wavelet power measures the variance in GWL 267 

for either all-time scales or a range of time scales. In the first case (all time scales), it measures the total 268 

variance of the time series across time (i.e. for all time steps). In contrast, the second case (selected range 269 

of time scales) measures the variance associated with one particular frequency band across time. The 270 

reader is referred to Torrence and Compo (1998) for a detailed and comprehensive explanation of wavelet 271 

scale-averaging's calculation and main interest. Figure 3  illustrates this for one randomly selected GWL 272 

projection, representing the variance through time obtained for one GWL projection for a time scale 273 

greater than five years (i.e., low-frequency fluctuations of GWL at this station). In this example, scale-274 

averaged wavelet power shows that total variability (Fig. 3b) and >5-yr low-frequency variability (Fig. 3c) 275 

tend to decrease through time. In order to prevent the results from being too much affected by edge 276 

effects, we removed the first and last 36 months from these scale-averaged power time series (Fig. 3b 277 

and c), which corresponded to removing as many wavelet coefficients as possible falling into the so-called 278 
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cone of influence (cross-hatched area in figure 3d). Such coefficients can be identified on the continuous 279 

wavelet spectrum of the time series and are located before the first. After the second vertical dashed line 280 

(Fig. 3d). The continuous wavelet spectrum also clearly shows that low-frequency variability (i.e. variance 281 

for periods higher than ~5 years / ~60 months on the plot) tends to decrease through time. 282 

 283 

 284 
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Figure 3: a) median of projections and fit line b) Scale averaged wavelet power for total variability c) Scale averaged wavelet 285 

power for low-frequency variability d) Continuous wavelet spectrum (scalogram) of GWL time series: red indicates high variance, 286 

and blue indicates low variance. 287 

 288 

4. Dispersion of climate change impact projections on various GWL types under contrasting 289 

emission scenarios 290 

Here, all 16 downscaled GCM were used as input to the DL models with ten different parameter 291 

initialisations (i.e. initialisation of the neural network weights) to create an ensemble of 160 projections 292 

per SSP scenario at each time point. While projections are usually presented and quantified using the 293 

ensemble mean or median, relying on these metrics alone could suppress the information on the 294 

variations and uncertainty. Here, we chose to represent our results in percentile rather than box plots, as 295 

recently suggested by Müller & Döll (2024), who found such a representation more suited to support 296 

participatory climate change adaptation processes and uncertain local climate hazards. 297 

Figures 4-6 show the groundwater projections of three types (annual, mixed and inertial) for three SSPs. 298 

The left panel shows the training and test results of the historical period. The central panel shows the 299 

projected median groundwater level and the 95% confidence interval. We highlighted the projections with 300 

the highest and lowest variability (from now on referred to as HV and LV, resp. represented as red and 301 

blue lines in Figures 4-6 ), as these naturally correspond to either more pronounced or more dampened 302 

extremes resp, for HV and LV projections. In addition, comparisons between GWL types, i.e. with different 303 

amplitudes of low-frequency variability, provide information on how various representations of climate 304 

variability may impact the projections released.  305 

The results for the training and testing stage are always quite satisfactory, with small confidence intervals 306 

(Figures 4a-6a). On the other hand, big differences may exist between the different projections for any 307 

given GWL type (annual, mixed and inertial), hence translating the uncertainty linked to the various 308 

climate models (Figures 4b-6b). While LV projections are relatively close to the median, HV ones would 309 

deviate substantially from the median and LV time series. The median time series always displayed a much 310 

more pronounced seasonal variability and a much lower low-frequency variability (the median time series 311 

appears somewhat “shrunk”) compared to historical observations - noticeable for all GWL types - and 312 

even more particularly for the inertial. This increased seasonal variability is due to the stochastic nature 313 

of low-frequency variability (stochastic noise eventually cancels out on average). In contrast, the annual 314 
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cyclicity is, by definition, almost entirely deterministic: median computation from all 160 projections at 315 

each time point ultimately results in a low amplitude of any other variability than the annual cycle, which, 316 

in contrast, is over-expressed. 317 

 318 

 319 

Figure 4: Annual type groundwater projections for three SSP scenarios (Top-bottom): a)(left panel)Training and testing results 320 

with confidence intervals, b)(middle panel) Projections for SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios show median (black), high 321 

variance (HV, red), low variance (LV, blue) projections, and confidence intervals (grey). c) (right panel) Cumulative Distribution 322 

Functions (CDFs) comparing historical observations (dotted black) with HV and LV projections(resp. as red and blue CDFs). 323 

 324 

 325 
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 326 

 327 

Figure 5: Mixed-type groundwater projections for three SSP scenarios (Top-bottom): a)(left panel)Training and testing results with 328 

confidence intervals, b)(middle panel) Projections for SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios show median (black), high 329 

variance (HV, red), low variance (LV, blue) projections, and confidence intervals (grey). c) (right panel) Cumulative Distribution 330 

Functions (CDFs) comparing historical observations (dotted black) with HV and LV projections(resp. as red and blue CDFs).  331 
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 332 

Figure 6: Inertial type groundwater projections for three SSP scenarios (Top-bottom): a)(left panel)Training and testing results 333 

with confidence intervals, b)(middle panel) Projections for SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios show median (black), high 334 

variance (HV, red), low variance (LV, blue) projections, and confidence intervals (grey). c) (right panel) Cumulative Distribution 335 

Functions (CDFs) comparing historical observations (dotted black) with HV and LV projections(resp. as red and blue CDFs). 336 

 337 

On the other hand, comparisons of the CDFs (Figures 4c-6c) of the LV and HV  projections with the 338 

historical observed time series show that for the annual and mixed types, LV projections seem to 339 

approximately fit the historical observations for all 3 SSP scenarios (Figures 4-5). which is not the case for 340 

the inertial type (Figure 6), for which the variability of the LV projection is always lower than for the 341 

historical period. To check whether this observation drawn from the three randomly selected annual, 342 

mixed and inertial GWL stations presented in these figures can be generalised, we compared the 343 

variability of HV and LV projections to that of the historical GWL time series at each station. To this aim, 344 

we simply computed the standard deviation of HV, LV and observed GWL time series at each station, and 345 

represented the ratios of HV standard deviation to observed standard deviation and of HV standard 346 

deviation to observed standard deviation (Figures 7-9) for all 3 GWL types and all emission scenarios. The 347 
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results confirmed the conclusions drawn from Figures 4 to 6 presented above. For all stations of the 348 

annual type and all emission scenarios (Fig.7), the LV to observation ratio is always close to 1, meaning 349 

that the overall variability of LV and observed historical GWL are always close. 350 

In contrast, the HV projection always has a much higher standard deviation than the observation (~1.5 to 351 

2 times), which is also true for the mixed-type GWL, albeit to a - slightly - lesser extent but does not hold 352 

for GWL projections of inertial types (Fig.9). Finally, as already mentioned above, one can notice here that 353 

except for the annual GWL type, the variability of the median projection time series is always lower than 354 

the LV projection for any given GWL station; the same explanation as provided above can be given here. 355 

No obvious differences among the different emission scenarios could be observed for any GWL type (Fig. 356 

7 to 9). 357 

 358 

Figure 7: Variability comparison of all stations in annual-type GWL: Ratios of Median(black), HV (red) and LV (blue) projection 359 

standard deviations to observed standard deviations across all stations(X-axis) and emission scenarios (top-bottom). 360 
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 361 

Figure 8: Variability comparison of all stations in mixed-type GWL: Ratios of Median(black), HV (red) and LV (blue) projection 362 

standard deviations to observed standard deviations across all stations(X-axis) and emission scenarios (top-bottom). 363 
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 364 

Figure 9: Variability comparison of all stations in inertial-type GWL: Ratios of Median(black), HV (red) and LV (blue) projection 365 

standard deviations to observed standard deviations across all stations(X-axis) and emission scenarios (top-bottom). 366 

5. Time evolution of GWL: future trends and variability for annual, mixed and inertial types 367 

5.1 Trends based on the ensemble approach 368 

In the previous section, we described the different projections that could be obtained owing to the use of 369 

16 different models for different GWL types and three emission scenarios. Here, we focus the analysis on 370 

the time evolution of GWL. For clarity, we evaluated such changes using the median time series only. 371 

Although we showed that the total amplitude of median projections is artificially lower than that of the 372 

observed historical time series, the aim here is not to assess the change between the historical and the 373 

future periods but only the change during the future period. We use the median as in most other works 374 

(Martel et al., 2022; Wunsch et al., 2022;). In particular, we examined three different aspects of GWL time 375 
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evolution: 1- we first assessed the potential changes in water levels using the MK trend test performed 376 

on the median GWL time series, 2- we tested for changes in the variability of GWL using the MK trend test 377 

on scale-averaged power of the median GWL series, as described in the methodology section, 3- we 378 

repeated step 2- with a specific focus on the low-frequency variability. Here, low-frequency variability 379 

corresponds to time scales above five years, which have been recognised as responsible for several 380 

extreme events in groundwater levels in northwestern Europe (Massei et al., 2010; Baulon et al., 2022; 381 

Rust et al., 2019; Neves et al., 2019; Liesch & Wunsch, 2019). 382 

It is clear from Figure 10 that almost all GWL would decrease, regardless of the emission scenario and the 383 

GWL type. On the other hand, the overall variability of GWL through time showed more contrasted results 384 

(Figure 11). In all three SSP scenarios, the total variance of annual-type GWL is expected to increase while 385 

decreasing for almost all inertial and mixed types. No clear difference shows up between the scenarios. 386 

GWL types strongly influence the trends in total variance. Specifically, Annual type aquifers predominantly 387 

show increasing variance (blue circles). Inertial and mixed-type aquifers mostly exhibit decreasing 388 

variance (red triangles and diamonds). The increasing variance in annual type aquifers suggests these 389 

areas may face more extreme fluctuations in groundwater levels, i.e., be more prone to extremely high 390 

and low groundwater levels. The spatial patterns of increasing and decreasing variance trends persist 391 

across all three SSP scenarios (SSP2-4.5, SSP3-7.0, SSP5-8.5), suggesting that the overall pattern of change 392 

is relatively robust to different emission scenarios.  393 

 394 

Figure 10: GWL trend on multi-model ensemble median projections from 16 CMIP6 models and 10 DL models for each scenario: 395 

Blue (Increasing) and Red (Decreasing) 396 
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The trend in total variability (Figure 11) of annual type is always increasing. In contrast, for mixed and 397 

inertial types, it either decreases or shows no significant trends (central and South-central parts of the 398 

area). 399 

 400 

Figure 11: Trend in  the total variability of projected GWL 401 

We then focused on low-frequency, i.e. interannual-to-decadal variability only, defined as fluctuations 402 

over time scales exceeding five years. Such time scales are usually employed to compare hydro-climatic 403 

variability and large-scale climate variations (often along with their moving average) as depicted by 404 

climate indices and teleconnections mentioned in the introduction. Figure 12 shows the trends and slopes 405 

of low-frequency variance obtained from CWT. Changes in low-frequency variance could impact the 406 

occurrence and intensity of multi-year drought or wet periods. Our analysis (from Figure 12) revealed 407 

distinct trends across different emission scenarios. Under the SSP 2-4.5 scenario, many stations showed 408 

increasing trends. In contrast, the number of stations with increasing trends significantly decreased to 409 

very few for the SSP 3-7.0 scenario, while all stations displayed decreasing trends under the SSP 5-8.5 410 

scenario. 411 
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 412 

Figure 12: Trends and slopes in  low-frequency variability from CWT 413 

To summarise (Figure 11-12), as emission scenarios worsen, the overall variability increases for annual-414 

type stations, whereas interannual to decadal variability decreases for all stations. Generally, more 415 

pessimistic emission scenarios correlate with a reduction in long-term groundwater level variability. While 416 

the magnitude of variability increase is typically low, it appears more pronounced in less pessimistic 417 

scenarios. These findings raise an important question: Could this be an effect of climate change reducing 418 

the amplitude of natural climate variability? The results suggest that low-frequency natural climate 419 

variability may diminish under more pessimistic emission scenarios, directly impacting interannual to 420 

decadal water level variations. This observation warrants further investigation into the complex 421 

interactions between anthropogenic climate change and natural climate variability that we did not explore 422 

in the current study. 423 

5.2 Differences in GWL projections according to different climate models 424 

In the previous section, we explored trends in GWL and temporal changes in GWL variability using the 425 

median time series computed from all projections generated with different climate models (16 models) 426 

and different initialisations (10 initialisations). It is well known that estimating the differences in 427 

hydrological projections from climate change models and scenarios is crucial for understanding the 428 

sources of uncertainty and communicating contrasted but equally plausible outcomes to stakeholders. 429 

This is why we extracted and studied the highest and lowest variability of all projections in section 4 430 

(Figures 4 to 6). The results of section 4 showed that large differences between projections would most 431 

likely be due to the use of 16 climate model inputs rather than from DL models. Although we did not 432 

specifically assess their respective parts in the total uncertainty, comparing the range of uncertainty 433 
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related to DL model initialisation on observed data (Figures 4a to 6a) and that obtained for projections 434 

(Figures 4b to 6b) showed quite clearly that climate model inputs would result in a much higher difference 435 

in GWL projections. In this section, we then explored the differences in trends and changes in variability 436 

of projections owing to the 16 climate models taken separately. All the figures associated with this section 437 

(Fig. S1 to S3) are provided in the supplementary information. 438 

Similarly to what was done for the ensemble approach in section 5.1, we examined the direction 439 

(increasing or decreasing) and slope magnitudes of trends (level and variability) at all stations. As 440 

explained in the methodology section, in this case, the time series used for calculating GWL trends 441 

corresponded to the median of the 10 DL model initialisations for each climate model and each scenario. 442 

For assessing trends (i.e. potential change) in GWL variability (either total or considering low-frequency 443 

variations only), the time series used was the scale-average wavelet spectrum of the same median of the 444 

10 DL model initialisations. 445 

Figures S1a and S1b show, respectively, the trend direction and Sen’s slopes of GWL projections from 16 446 

CMIP6 models (as lines) and three scenarios each (as columns). Although the results seem rather 447 

contrasted, three main outcomes could be distinguished. First, for all SSP scenarios, decreasing or non-448 

significant trends (with very slight decreasing or increasing slopes less than 10 mm/month) appeared to 449 

dominate. Amongst all models, most of the statistically significant increasing trends were observed for 450 

only SSP 2-4.5 with 4 out of 16 models (CMCC, GFDL, MRI and, to a lower extent, FGOALS). These models 451 

showed increasing trends with magnitudes up to more than 25 mm/month. Second, for SSP 3-7.0 and SSP 452 

585 (2nd and 3rd column), all models showed mostly decreasing GWLs and some non-significant trends, 453 

except the CanESM5 and MPI-ESM1 models. The magnitude of negative slopes for SSP 3-7.0 and SSP 5-454 

8.5 showed decreasing GWLs at rates as low as, or lower than, -50 mm/month. Although slightly increasing 455 

slopes could be identified in many models for those 2 SSP scenarios (e.g., EC-Earth3 SSP 3-7.0, CNRM SSP 456 

3-7.0 and SSP 5-8.5), they were never statistically significant, except for the CanESM5 and MPI-ESM1 457 

models. Third, it was noticeable that for the worse scenario, SSP 5-8.5, all stations located in the most 458 

eastern part of the area were affected by decreasing trends (or with no significant trends) for all 16 climate 459 

models; these stations consisted mainly of annual-type GWLs. 460 

As done with the ensemble approach, we then investigated how the different climate models led to 461 

potential changes in both total GWL variability and low–frequency variability. Figures S2a and b illustrate 462 

the results obtained for the total variability of the projected (median) time series. Unlike the results about 463 

changes in GWL, it seemed less easy to distinguish any general tendency in terms of changes in time series 464 
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total variability according to the emission scenario for any model. As a first step, for the sake of simplicity, 465 

examination of trend direction only (Fig. S2) showed the same consistent pattern as previously noticed 466 

with the ensemble approach, albeit less clearly, where an obvious distinction between the eastern part 467 

(mainly annual-type aquifers) and the western part of the area was quite readily visible (Fig. 10).  The 468 

magnitude of the slopes confirm this finding: for most models, one could observe either rather strong 469 

variability trends separating the eastern (increasing variability, blue-labeled stations) and western regions 470 

(decreasing variability, red-labeled stations), or only low-magnitude trends (most of the time not 471 

statistically significant). In brief, although differences between climate models exist, the inertial and mixed 472 

types (i.e. those with strong low-frequency variability) were mostly affected by decreasing variability 473 

through time over the period 2030 to 2100, whereas the annual-type aquifers would be characterised by 474 

increasing variability over the same period. 475 

It then seemed that the amplitude low-frequency variability would decrease over time during the 2030 to 476 

2100 period. The results of the ensemble approach showed that apart from SSP 2-4.5, the more 477 

pessimistic the emission scenario, the higher the number of stations (and the larger the region) affected 478 

(Fig. 12): there is a clear evolution from SSP 2-4.5 to SSP 5-8.5 for low-frequency variability. However, 479 

considered individually (Fig. S3), the 16 different models could show noticeable discrepancies in some 480 

cases: for instance, INM-CM5,  NorESM2 or CanESM5 shows increasing low-frequency variability in terms 481 

of trend direction, contrary to many other models for SSP 3-7.0. Despite such disagreements, it seems 482 

rather clear that many models still display significantly increasing low-frequency variability for all station 483 

types (inertial, mixed or annual) with Sen’s slopes of rather high magnitude for SSP 2-4.5, and that 484 

conversely, many models would display decreasing variability with strong Sen’s slope magnitudes. 485 

Decreasing variability is also even more pronounced for SSP 5-8.5 than SSP 3-7.0. These results are 486 

consistent with the conclusions of the ensemble approach (Fig. 12). However, they also confirm that using 487 

the median time series in the ensemble approach seems well suited to identify clear general trends 488 

properly. 489 

 490 

6. Discussion and Conclusion 491 

In this study, we aimed to develop projections of GWL under three different climate change scenarios, 492 

focusing on three different GWL types: annual, mixed, and inertial. While some aquifers can be rather 493 

reactive to seasonal changes, dominated mainly by annual cyclicity, others are sometimes largely 494 
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dominated by interannual to decadal variations that are driven by large-scale climate (Hanson et al.,2006;  495 

El Janyani et al., 2012; Rust et al.,2018; Baulon et al., 2022). However, most studies dealing with 496 

groundwater level simulation or forecasting mainly considered time series represented by seasonal 497 

variations with a strong annual cycle governing water level variability. It was then desirable to study more 498 

complex aquifer dynamics mainly controlled by internal climate oscillations and assess how these 499 

different types of aquifers might be affected by climate change. In this framework, potential changes in 500 

variabilities under different SSP scenarios for such aquifers were explored by using deep learning GRU 501 

with wavelet pre-processing and CMIP6 bias-corrected precipitation and temperature data as input from 502 

16 climate models. We analysed trends in groundwater levels and changes in variability (i.e. the amplitude 503 

of GWL variations) over time across the 2030-2100 period. Ten different initialisations of DL models and 504 

16 climate model inputs resulted in an ensemble of 160 projections for each of the 3 SSP scenarios (SSP 505 

2-4.5, 3-7.0, 5-8.5). 506 

The analysis of the ensemble of 160 projections revealed that the lowest-variability (LV) GWL projections 507 

closely aligned with the range of variation of historical observations for annual and mixed types. In other 508 

words, only projections with the lowest possible variability would allow for maintaining the same range 509 

of variability encountered during the last ~60 decades. This was not the case for inertial-type GWL, for 510 

which the LV projection still has a significantly lower variability than previously observed in the historical 511 

period. The highest-variability (HV) projected GWL time series exhibited a much greater variability than 512 

all observed time series, with standard deviations approximately 1.5 to 2 times higher than for observed 513 

GWL. The annual-type GWL showed increasing total variability, while mixed and inertial types indicated 514 

decreasing across all scenarios. Additionally, distinct patterns for total variability showed up separating 515 

the eastern and western parts of the area (resp. increasing and decreasing variability): it seems like this is 516 

because the eastern part comprises almost all annual-type GWL, which are the ones exhibiting increasing 517 

variability. On the other hand, low-frequency variability seemed to be decreasing for almost all stations 518 

except for the less severe SSP 2-4.5 scenario; as well, more stations tended to exhibit decreasing low-519 

frequency variability as emission scenarios became more severe (with all stations in this case for the most 520 

severe scenario). 521 

Our CSMK test results on the median time series of the 160 projection ensemble indicated decreasing 522 

trends in groundwater levels for all scenarios and GWL types in northern France. This finding aligns with 523 

Habets et al. (2013), who projected a significant decrease in water resources for rivers and aquifers in two 524 

northern French basins despite model differences and uncertainties. 525 
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Conversely, Vergnes et al. (2023) projected higher groundwater levels on average over France in the 526 

future, including northern France, with mean annual GWL increasing by up to approximately 2 m. Vergnes 527 

et al. (2023) noted that their results did not match those of Wunsch et al. (2022) and were in contradiction 528 

with previous studies from Caballero et al. (2007) or Dayon et al. (2018). However, Wunsch et al. (2022) 529 

computed trends and relative changes essentially for the future period (2014-2100) from the projected 530 

levels alone, whereas Vergnes et al. (2023) compared the future period (2070-2099) to the historical 531 

period (1976-2005). In Germany, Wunsch et al. (2022) projected a median relative decrease in 532 

groundwater levels between 2014 and 2100, which seems to agree with our findings on trends in 533 

projected levels. It is also interesting to note that these authors showed increased variability in the annual 534 

cycle towards 2100, while our results highlighted an increase in the total variability of annual-type GWL 535 

in the eastern part of northern France (i.e. closest to Germany). 536 

To facilitate comparison with these studies, we computed the mean difference (expressed as the relative 537 

change in %) between future periods and two historical reference periods: 1. Near future (2030-2050), 2. 538 

Middle future (2051-2070), 3. Far future (2071-2100), 4. Whole future period (2030-2100). We used 1970-539 

2022 as our primary reference historical period (Figure. 13) and 1976-2005 as a secondary reference 540 

period (Figure. 14) to compare with Vergnes et al. (2023) directly. Figures 13 and 14 are used to support 541 

this analysis, from which several main points could be underlined. Typically, changes are generally small 542 

for all periods and scenarios, ranging from +8% to -6% (1970-2022 reference) and +8% to -10% (1976-543 

2005 reference). The magnitude of changes is similar to Wunsch et al. (2022), although slightly less 544 

pronounced. There is a distinct pattern between the western and eastern parts, with future levels higher 545 

in the west and lower in the east compared to the historical reference as noticed for projected change in 546 

total variability (decreasing variability to the West, increasing to the East). No significant differences were 547 

observed between scenarios. Yet, a noticeable difference exists between the periods. Relative change is 548 

higher in mid and far-future periods than in the near future. Moreover, in the near future period (2030-549 

2050), more stations indicated positive changes in mean, followed by stabilisation in later periods. These 550 

increasing mean changes in some areas align with results from Vergnes et al. (2023). 551 

Our results reconcile those from Vergnes et al. (2023) and Wunsch et al. (2022), although according to 552 

Vergnes et al. (2023), they were apparently contradictory. Indeed, while projected GWL is expected to 553 

decrease over time (our study and Wunsch et al., 2022), changes in the annual mean projected levels 554 

remained slightly higher than historical levels (our study and Vergnes et al., 2023). This intriguing result 555 

warrants further investigation and could be an interesting research question for future studies. It is worth 556 
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noting that the relative positive change is mainly observed for inertial and mixed GWL types and much 557 

lower for annual types. Additionally, the differences between periods seemed consistent with the 558 

expected decreasing trends: for the far future, the difference in mean compared with the historical 559 

reference period seemed a little less than that of the near future, although the changes are so slight they 560 

are barely visible on the maps in figures 13 and 14. 561 

 562 

 563 

Figure 13: Relative change for future periods with respect to historical mean from 1970-2022 564 
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 565 

Figure 14: Relative change for future periods with respect to historical mean from 1976-2005 (similar to 566 

Vergnes et al. 2023) 567 

Finally, it is also important to note that all these studies used different types of projected climate inputs 568 

(CMIP5 RCP or CMIP6 SSP scenarios, CMIP5 Euro-CORDEX regionalised climate projections for France, 569 

different ensembles or number of members), which makes direct comparison challenging. This highlights 570 

the need for a comprehensive, community-wide benchmarking experiment to understand better and 571 

reconcile these differences in future groundwater level projections.  572 

While our study employed advanced techniques like utilising multiple CMIP6 climate models and 573 

scenarios, as well as training different initialisations for the GRU deep learning models, there are inherent 574 

strengths and limitations associated with these approaches that contribute to the total uncertainty 575 

affecting the results. The uncertainty associated with hydrological impact projections arises from multiple 576 

origins: it is partly linked to the climate model used (physics, initialisation), to the internal or "natural" 577 
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variability, to the different emission scenarios, and ultimately to the hydrological model used. In 578 

particular, as mentioned in the introduction, low-frequency/long-time scale, natural variability can play a 579 

crucial role in modulating the effects of climate change by amplifying or attenuating (masking) 580 

hydroclimatic trends and associated extremes, e.g. as shown by Boé and Habets (2014) and emphasised 581 

by Massei et al. (2020). On interannual to decadal scales, climate oscillations and teleconnections such as 582 

the North Atlantic Oscillation (NAO) or the El Nino-Southern Oscillation (ENSO) were identified as a 583 

significant forcing factor of groundwater resources variations (Holman et al., 2011; Liesch & Wunsch, 584 

2019; Massei et al., 2007, 2010; Rust et al., 2019). In many instances, such fluctuations may correspond 585 

to significant hydrological events, as shown in Baulon et al. (2022) and describe multi-year periods of 586 

successive dry or wet years, to which human activities are particularly vulnerable. This led Blösch et al. 587 

(2019) to classify the understanding of these phenomena as one of the "23 unsolved hydrological 588 

problems". The 16 model variants used in the work presented herein still represented the stochastic low-589 

frequency climate variability differently, which allowed us to appreciate its potential impacts on GWL 590 

projections. However, using only one variant for precipitation and temperature of each of the 16 climate 591 

models prevented us from analysing the contribution of natural variability to the total uncertainty in the 592 

GWL projections released. A larger-ensemble approach would be needed to properly assess the 593 

contribution of natural climate variability to the uncertainty of GWL projections. 594 

Finally, from a more technical standpoint, the DL models used herein have shown strong performance in 595 

identifying complex patterns in large datasets and capturing GWL variability, as also emphasised in our 596 

previous studies (Chidepudi et al., 2023a, 2024a), making them efficient for long-term simulations. They 597 

have proven to be a relevant alternative or complement to more complex modelling frameworks, like 598 

physically-based models, that are often more difficult to develop and implement. Their efficiency could 599 

be leveraged to facilitate benchmarking of hydrological and hydrogeological projections under climate 600 

change by conducting more similar studies globally. 601 
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