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Abstract. Groundwater level (GWL) forecasting with machine learning has been widely studied due to its generally accurate

results and little input data requirements. Furthermore, machine learning models for this purpose are set up and trained in a

short time when compared to the effort required for process-based numerical models. Despite the high performance of models

obtained at specific locations, applying the same model architecture to multiple sites across a regional area might lead to

contrasting accuracies. Likely causalities of this discrepancy in model performance have been barely examined in previous5

studies. Here, we investigate the link between model performance and the effects of geospatial site and time series features.

Using precipitation (P) and temperature (T) as predictors, we model groundwater levels at approximately 500 observation wells

in Lower Saxony, Germany, applying a 1-D convolutional neural network (CNN) with a fixed architecture and hyperparameters

tuned for each time series individually. The GWL observations range from 21 to 71 years, leading to a variable test and

training dataset time range. The performances are evaluated against relevant geospatial characteristics (e.g. landcover, distance10

to water works
:::::::::
waterworks, and leaf area index) and time series features (e.g. autocorrelation, flat spots, and number of peaks)

using Pearson correlation coefficients. We found that model performance is negatively influenced at sites near waterworks

and densely vegetated areas. Longer subsequences of GWL measurements above or below the mean negatively impact the

metricsand might be associated with anthropogenic influence or wetter and drier periods. Besides, complex GWL time series

::::::::
containing

:::::
more

::::::::
irregular

:::::::
patterns

::::
and

::::
with

:
a
::::::

higher
:::::::

number
:::
of

:::::
peaks

:
exhibit better metrics, possibly due to a closer link15

with precipitation dynamics. As deep learning models are known to be black-box models missing the physical processes

understanding
::::::::::::
understanding

::
of

:::::::
physical

:::::::::
processes, our work shows new insights into the degree of affectation that external

physical factors have on the input-output relation of a GWL forecasting model.
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1 Introduction20

Global water use increases, aggravated by climate change in current water-stressed areas and generating future stress in re-

gions of abundant supply (UNESCO, 2022). Under these situations, groundwater is seen as a solution to ensure water supply,

accounting for approximately 25% of the global freshwater (UNESCO, 2022). In fact, aquifers might report a seasonal and

multi-year buffer capacity, but when deficits in groundwater storage are observed, they may last much longer due to the memory

1



effect (UNESCO, 2020). Investigating
:::::::::
Moreover,

::::
only

:::::
slight groundwater level (GWL) changes constitutes a way to estimate25

groundwater stress in the near and long term since only slight GWL declines are needed to significantly affect groundwater

discharges to streams (de Graaf et al., 2019).
:::::::::::
Consequently,

::::::::::
approaches

:::::
based

:::
on

::::::::::
groundwater

::::::::::
observation

::::
sites

:::
are

::::::::
valuable

::
for

:::::::::
estimating

:::::::::::
groundwater

:::::
stress

::
in

:::
the

:::
near

::::
and

::::
long

::::
term.

:
This allows identifying , among others, over-exploitation based on

depletion trends (Daliakopoulos et al., 2005), increasing the knowledge about water availability for drinking water supply and

agricultural irrigation (Takafuji et al., 2019), and delineating potential soil subsidence zones due to extremely low groundwater30

levels in connection with droughts and water abstraction (Xu et al., 2008).

Physical and numerical approaches have been widely used as the primary tool to study GWL (Goderniaux et al., 2015).

However, achieving a desired model calibration/validation requires extensive physical knowledge of the study area and large

volumes of data related to the aquifer properties, geology, and topography, among others. In the last two decades, many publi-

cations have shown that data-driven models are simpler and faster to develop and provide more accurate results than physical35

or numerical models under certain conditions (Tao et al., 2022; Malik and Bhagwat, 2021; Ahmadi et al., 2022). Data-driven

models using machine learning (ML) techniques such as artificial neural networks (ANNs) have proven their suitability for

GWL forecasting (Wunsch et al., 2022) and the ability to capture the non-linearity of the aquifer’s dynamics, although at the

expense of having a physical understanding of the process.
:::::
Many

::::::
studies

::::::
address

:::
the

::::::
former

::::::::
challenge

:::
by

:::::::
applying

::::::::::
explainable

::
AI

::::::::
methods

::::
such

::
as

::::::
SHAP

:::
to

:::::::
elucidate

::::
the

::::::::::
input-output

:::::::::
non-linear

:::::::::
dynamics

::::::::::::::::::::
(Chakraborty et al., 2021

:
;
:::::::::::::::
Zhang et al., 2023

:
;40

::::::::::::
Liu et al., 2022

:
).
:
In particular, ANNs

::::
ANN

:
are suitable for solving groundwater-related problems on a regional scale due to

their low dependency on field data accessibility. Many ANN approaches have been successfully implemented, and recent devel-

opments in the field of deep learning (DL) promise a significant improvement of already existing prediction approaches. High

overall performances have been obtained through ANNs techniques including feed-forward neural network (FFNN) (Roshni

et al., 2020), long short-term memory (LSTM) (Wunsch et al., 2021), and convolutional neural networks (CNNs
::::
CNN) models45

(Mohanty et al., 2015;Ahmadi et al., 2022 ;Wunsch et al., 2022). Besides DL techniques, shallow recurrent networks such as

non-linear auto-regressive networks with exogenous input (NARX) are proven to be useful for modeling
:::::::::
modelling a wide

variety of dynamic systems (Wunsch et al., 2018). In terms of
::::::::::::::::
Guzman et al., 2017;

::::::::::::::::
Zanotti et al., 2019

:
;
:::::::::::::::
Fabio et al., 2022

:
).

::::::::
Regarding

:
accuracy and calculation speed, the CNN models outperform the LSTM. NARX models performed, on average,

better than CNN
::::::::::::::::
(Wunsch et al., 2021

:
),
:::::::
mainly

::::::
because

::::::
NARX

:::::::
models

::::::
capture

::::::::
temporal

:::::::::::
dependencies

:::
on

::::::::::
groundwater. How-50

ever, the last one
::::
CNN

::::::
model has been shown to be faster with only a slightly lower accuracy (Wunsch et al., 2020).

Most studies have successfully applied these techniques for GWL forecasting using only meteorological variables as inputs.

Up to date, the research focuses on a comparative analysis among different AI techniques, resulting in slight differences among

models’ performance (Wunsch et al., 2021) or in improving the model’s accuracy by modifying its architecture (Gong et

al., 2016). In many cases, disregarding site geospatial characteristics can reduce model accuracy or credibility, owing to the55

different responses depending on the aquifer characteristics (Kløve et al., 2013), unsaturated zone conditions, and groundwater

contributing area (Rust et al., 2018). Therefore, it is still known that
::::::
known

:::
that

::
in

:::::
order to achieve more accurate results in areas

influenced by natural and anthropogenic factors; ,
:

river water level and human impact factors such as pumping rates should

be considered as inputs (Lee et al., 2019).
:::
For

:::::::
instance,

:::::::::::::::::::::
Gholizadeh et al. (2023)

::::::
applied

:::
an

::::::
LSTM

:::::
model

:::::::::
including

:::::
static
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::::
input

:::::::
features

::::
(e.g.

::::::::
hydraulic

:::::::::::
conductivity

:::
and

:::
soil

::::::
depth)

::
as

:::
an

::::::
attempt

::
to

::::::
model

::::::::
ungauged

::::::::
locations,

:::
the

:::::::
authors

:::::::
attribute

:::
the60

:::::::::
satisfactory

::::::
model

::::::::::
performance

::
to
:::::
such

:::::
inputs.

:

Since regional studies frequently lack supplementary information beyond meteorological data, this study explores the link

between model performance (using only precipitation (P) and temperature (T) as inputs) vs. site-specific and time series features

that might help to understand the input-output relation of a GWL DL model. Although many types of ANN structures have been

developed for GWL forecasting, a 1-D CNN (LeCun et al., 2015) is applied here to evaluate the model performance due to their65

flexibility, calculation speed, and reliability. The model is trained, validated, and tuned individually in 505 wells distributed

throughout the state of Lower Saxony, Germany. The research considers the relevant and available geospatial features and time

series features. New insights are provided about the complexity of controlling factors on the groundwater dynamics.

2 Study area and materials

2.1 Study area70

The study area is located in the Lower Saxony(LS)
:::::
Lower

::::::
Saxony, Germany (Fig 1), where groundwater accounts for 86% of the

public water supply (LSN, 2016). The groundwater bodies in this area comprise a great extension of highly productive porous

aquifers and, in less proportion, fractured hard rock, and karst aquifers (LSN, 2016). The landscape is mainly dominated by the

lowlands in the northern and central regions, whereas the south is predominantly hilly and mountainous. Land use corresponds

mainly to farming (� 47%) and pasture (� 15%), concentrated in the western and northern regions (NMUEK, 2015). The75

maritime influence in the coastal region affects the precipitation distribution, decreasing from the West (approx. 750mm/yr) to

the East (<600 mm/yr). In contrast, the annual precipitation exceeds 1500 mm in the south (NMUEK, 2015).

From a broad perspective, the northern German Plain is covered up to the edge of the low mountain range by glacial

deposits of varying thicknesses (LBEG, 2016), constituting a great proportion of LS
:::::
Lower

:::::::
Saxony. Hard rock areas in the

southern highlands are formed by sandstones and limestones (BGR, 2019). Highly heterogeneous geological structures exist80

among these two groups, leading to groundwater availability at different depths with varying yields, especially in karst aquifers

(LBEG, 2016). The primary pressures on the quantitative status of groundwater bodies arise from its long-term abstraction,

mainly for drinking water, irrigation, mining or construction activities, and long-term hydraulic measures for groundwater

remediation (NMUEK, 2015).

2.2 Data85

GWL observations and meteorological information are available throughout the state of LS
:::::
Lower

::::::
Saxony. Table 1 shows the

data overview. The GWL is in monthly resolution with a variable time range, and historical records of meteorological variables

are available in a daily resolution of 5 x 5 km. The GWL time series consists of 505 wells
:::
that

:::
are

:
unevenly distributed, with

more information available in the central region of the study area(Fig. 2). .
:
Besides the irregular spatial distribution, the

::::
there

::
are

::::
data

::::
gaps

:::::::::
depending

:::
on

:::
the

::::
well

::::
(Fig.

::::
2.a),

:::
and

:::
the

:
time range of the groundwater records is highly variable (between 195090
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Figure 1. Hydrogeological areas of Lower Saxony. 1:500K
::::::
500,000 (LBEG, 2016

::::::
modified

::::
from

:::::::::::
LBEG (2016)) . The hydrological bodies

towards the north correspond to porous aquifers (Nord- und mitteldeutsches Mittelpleistozän, Niederungen im nord- un mitteldeutschen

Lockergesteinsgebiet, Nordseemarchsen and Nordseeinseln und Watten). The south consists of fractured and karst aquifers (Mitteldeutscher

Buntsandstein, Mitteldeutsches Grundgebirge, Münsteländer Kreidebecken, Nordwestdeutsches Bergland, Sandmünsterland and Subherzyne

Senke)

and 2021) , and considerable data gaps exist depending on the well
:::::
varies

:::::::
between

:::
21

:::
and

:::
71

:::::
(Fig.

:::
2.b)

:::::
years

:::::
from

:::::
1950

::
to

:::::
2021,

:::::::
resulting

:::
in

:::::::::
differences

::
in
::::::::
start-end

:::::
dates

::
of

::::
time

:::::
series.

Table 1. Data availability overview.

Data
Temporal

resolution

Spatial

resolution
Time range Source

Groundwater level observations Monthly - Variable (1950 : 2021)
The Lower Saxony State Office for

Mining, Energy and Geology (LBEG)

Precipitation and temperature Daily 5 x 5 km 1951 : 2015 (Rauthe et al., 2013; Frick et al., 2014)
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