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Abstract

Groundwater models are a valuable tool in optimising the decisions
influencing groundwater flow. Spatially distributed models
represent the groundwater level in the entire area from where
essential information can be extracted, directly aiding in the
decision-making process. However, these models are time-
consuming, limiting the number of scenarios that can be considered.
This study explores different machine learning (ML) models as faster
alternatives to predict the increase in steady-state groundwater
head due to artificial recharge in the unconfined aquifer while
considering a wider spatial extent (832 columns x 1472 rows
totalling 765 km?) than previous ML groundwater models. We
trained three ML models (encoder-decoder, U-Net, and attention U-
Net) with various hypothetical artificial recharge sites (100, 300,
500, and 1000 sites) in the Baakse Beek catchment (the
Netherlands), using a detailed numerical groundwater model,
AMIGO. The applied recharge rate along with geo-hydrological
properties from the AMIGO baseline run were used as inputs to the
ML models. The properties’ permutation importance indicated that
all properties of the first aquifer were important to predicting the
response and were included when training the ML models. All three
ML models improved with additional training sites but showed
limited benefits from more than 500 recharge sites. Of the three ML
models, U-Net and Attention U-Net outperformed the encoder-
decoder. These two models achieved Nash-Sutcliffe efficiency (NSE)
of more than 0.8 when trained with 300 or more recharge sites. U-
Net trained on 1000 recharge sites had the highest overall NSE of
0.95. U-Net better captures input features with highly variable
spatial characteristics, such as rivers and drains which influence the
maximum height of the groundwater response. The model captured
the influence of the input features on the response, reproducing the
response patterns across the entire catchment. Finally, we showed
that the trained ML models are faster than the numerical model,
predicting within 0.24 seconds (97t percentile), making it ideal for
optimising decisions.
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1. Introduction

In the context of international policy frameworks like the European
Water Framework Directive and Natura 2000, water management
authorities have multiple targets they need to meet. The droughts
of 2018-2020, which set a new benchmark in Europe (Rakovec et al.,
2022), increased the urgency to take appropriate measures
(Bartholomeus et al., 2023). Although the events are considered
rare in the current climate, future climate change could exacerbate
such events (Aalbers et al., 2023; Balting et al., 2021; Lehner et al.,
2017; Pronk et al., 2021; van der Wiel et al., 2021). Even in deltas
like the Netherlands droughts cause serious risks for nature,
agriculture, infrastructure and drinking water availability, which
resulted in drought-related policy actions like “Water and soil
leading in land use planning” (Bartholomeus et al., 2023). One of the
reasons for this vulnerability is the expansion of the surface
drainage network and the increased exploitation of groundwater
resources (Ahmadalipour et al., 2019; Bartholomeus et al., 2023;
Castle et al., 2014; de Wit et al., 2022; Thatch et al., 2020; Thomas
and Famiglietti, 2019; Witte et al., 2018).

The Pleistocene uplands of the Netherlands have recently faced
severe rainfall deficits (Brakkee et al., 2022; Philip et al., 2020),
increasing the reliance on surface and groundwater for irrigation.
This has increased the strain on the limited water available for
nature (van den Eertwegh et al., 2020). Long-term structural
changes are identified to be more effective at reducing the strain
than reactive, ad-hoc remedies during droughts. Van den Eertwegh
et al. 2020 recommend increasing freshwater availability through
more sustainable drainage networks, reducing groundwater
abstraction, and increasing groundwater recharge.

Managed aquifer recharge (MAR) can increase freshwater
availability during dryer periods by storing water surplus from the
wetter periods in the subsurface (Dillon et al., 2020, 2019; Hartog
and Stuyfzand, 2017). It is often categorised into infiltration, direct
injection, and filtration techniques (Casanova et al., 2016); we focus
on infiltration techniques that recharge the water table from
infiltration basins or subsurface infiltration systems, often making
them the cheapest technique. However, water managers need to
identify the optimal location, recharge rate and combination of the
recharge sites when designing the solution which is often done using
a numerical groundwater model. These models use a set of
mathematical equations to estimate the flow of water within a grid
that represents the hydrological system by their characteristics, such
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as the aquifer's transmissivity, resistance and the surface drainage
network. However, they are complex and simulating multiple
scenarios for optimisation is time-consuming, limiting structured
exploration and selection of potential recharge sites across an area.
To facilitate the exploration of suitable recharge sites, there is a
need for fast calculating tools to estimate the effect of managed
aquifer recharge quickly. For such optimisation applications, a less
accurate but faster option with interpretable results could be more
suitable (Newman, 1996).

Such an option could be a surrogate model, which is a simplified
representation of a complex, higher-order model (Wang et al.,
2014). Reduced order models have been applied in groundwater
modelling as surrogate models for their computational efficiency
(Boyce et al., 2015; Dey and Dhar, 2020; Stanko et al., 2016;
Vermeulen et al., 2004). Proper orthogonal decomposition, a
common reduced-order modelling method, identifies the lower
dimensional basis that captures the high-dimensional dynamics of
the system. Vermeulen et al. (2004) have demonstrated its
applicability in reproducing groundwater heads in a linear system. In
a realistic case study, they achieved a relative mean absolute error
of less than 6% while realising a 625x speed up. However, these
attempts have been made for confined conditions with linear
behaviour. Boyce et al. (2015) and Stanko et al. (2016) expanded
this technique to unconfined aquifers, increasing the nonlinear
behaviour due to the boundary conditions such as rivers. While
more realistic, they are still limited to small synthetic systems with
less than 200 by 200 cells. Furthermore, proper orthogonal
decomposition models are limited to the location used to calculate
the reduced space.

Machine learning (ML) has recently been a frequently used
surrogate model as a universal function approximator. It can learn
nonlinear relations in the data, which can be the results from
existing numerical models. It has been used to reproduce models in
fluid dynamics (Brunton et al., 2020), material science
(Papadopoulos et al., 2018) and earth system models (Kim et al.,
2015; Weber et al., 2019), among others. Deep learning models
have been used in groundwater modelling to forecast the head at
wells (Malik and Bhagwat, 2021; Miiller et al., 2021; Tao et al.,
2022). Asher et al. (2015) and Miro et al. (2021) recognised the lack
of spatially distributed representation of groundwater surrogates.
Since then, some authors have demonstrated the applicability of the
convolutional encoder-decoder model, which satisfies this requisite
(He et al., 2021; Mo et al., 2019; Taccari et al., 2022). However,
these applications are also limited to small synthetic systems.

Artificial groundwater recharge affects the groundwater head in a
large spatial area. This entire spatial extent needs to be captured by
the ML model. The applicability of the above ML models at
reproducing the results from a numerical groundwater model with
actual subsurface properties of an aquifer has not been
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demonstrated yet. Furthermore, the ML model can be more
specialised and represent the priorities of the optimisation
challenge rather than a model reproducing all details of the system.
We investigate the performance of three ML models for a
catchment within the sandy uplands of the Netherlands and
quantify the effect of artificial recharge for all possible locations
within the area. The ML models' output is the increase in the steady-
state phreatic groundwater head, henceforth groundwater
response, to applied recharge sites in the Baakse Beek catchment in
the Netherlands. The hydrological properties and the results from a
detailed numerical model (AMIGO) are used to train the ML models.
The ML model is trained on the geo-hydrological properties of the
first aquifer for a wider domain size of 1472 columns by 832 rows at
a 25x25 m resolution representing a 765 km? area. In doing so, we
consider various combinations of geo-hydrological properties within
the catchment and their impact on the performance of the
surrogate model at predicting the steady-state groundwater head
response to artificial recharge. These steps are further elaborated in
the methodology and through the flow chart in Figure 1. The central
guestions this study aims to answer are:

1. Isthe surrogate model able to reproduce the steady-state
groundwater head response to artificial recharge with
sufficient accuracy?

2.  Which physical characteristics are required to capture the
steady-state response of the groundwater head to artificial
recharge in a surrogate model trained on the results of a
numerical model?

3. How much training data is needed to train the surrogate
model to sufficient accuracy?

In addressing these questions, this paper aims to aid future
modellers in designing more accurate ML models for scenario
optimisations. These questions remain relevant even through the
fast advancement in artificial intelligence and ML. Multiple geo-
hydrological properties represent the subsurface, but identifying the
most relevant properties could help the ML model capture the
relation between them and reduce overfitting. Furthermore, we
want to minimize the number of slow numerical model runs. This
paper compares the performance of the ML model when trained on
datasets of various sizes. This offers an estimate of the number of
scenarios needed to train the ML models and the effect of additional
scenarios on the predicted groundwater response. Comparing three
ML models with increasing complexity offers a more general view of
answering the above questions and model complexity necessary to
represent the relation between the recharge rate, hydrogeological
properties and the groundwater response.

2. Methodology

The research methodology consists of two main parts: numerical
modelling and machine learning modelling (Figure 1). The goal is to
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use the numerical model to simulate a baseline steady-state
scenario of natural recharge and steady-state scenarios with
artificial recharge at sites across the study catchment. The
difference in the groundwater heads between the artificial recharge
scenarios and the baseline scenario is the groundwater response to
the artificial recharge. A machine learning model is trained to
reproduce this response. The rate of artificial recharge (5-25
mm/day) and site size (0.01-1 km?) are selected randomly using
Latin Hypercube Sampling to represent the entire range of potential
recharge sites. Orthogonal Array-based Latin Hypercube Sampling is
used to select the site location, within the model extent, as it
samples the location more uniformly.

The ML models are trained to reproduce the steady-state
groundwater head response due to artificial recharge from the
numerical groundwater model, AMIGO. These ML models are
trained on training datasets of various artificial recharge
realizations. Each realization contains six inputs from the AMIGO
baseline run: (1) the artificial recharge rate, (2) baseline
groundwater depth, (3) river stage and drain level relative to the
baseline groundwater head, (4) river conductivity, (5) transmissivity
of the first aquifer and (6) hydraulic resistance below the aquifer.
The inputs were included based on their permutation importance in
estimating three key characteristics of the steady-state groundwater
head response to artificial recharge, namely the maximum, area,
and total response. The ML model performance is also assessed on
the same three key characteristics as they describe the most
relevant properties of the response to optimize.

For steady-state simulations, the storage coefficient is zero by
definition, thus not an input of the numerical model simulations,
and therefore also not included in the inputs for the ML model. It
should be noted, however, that in transient simulations the storage
coefficient will be another system characteristic that importantly
influences aquifer storage capacity to artificial recharge.
Additionally, using the storage coefficient from a transient model
lets us estimate the extra volume of water which can be stored by
the artificial recharge, based on the simulated head differences.

Three ML models are trained using the listed inputs: encoder-
decoder, U-Net and Attention U-Net, with increasing numbers of
recharge sites: 100, 300, 500 and 1000. These models are designed
to be increasingly complex, with the Attention U-Net having the
highest number of parameters.
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Figure 1 Steps performed before training the machine learning models to reproduce
the groundwater response to additional aquifer recharge. The groundwater
response is the increase in the steady-state groundwater head in the scenarios with
the artificial recharge over the baseline scenario. The scenarios were simulated
using the numerical groundwater model AMIGO. We compared the importance of
different geo-hydrological inputs, machine learning model architectures and the
number of scenarios necessary to train the model.

2.1.Numerical Modelling

The ML model is designed to reproduce the steady-state response
to additional artificial recharge in the Baakse Beek Catchment east
of the Netherlands, as simulated by the AMIGO numerical
groundwater model. The catchment drains an area of 262.5 km? into
the lssel, a distributary of the river Rhine (Figure 2). This catchment
is in the Netherlands' higher sandy region, insert in Figure 2,
characterized by a 200m-thick sequence of Pleistocene sands
intercalated with thin clay beds, which become thicker towards the
west. It is mainly composed of coarse-textured glacial and beach
deposits (Hijma, 2017; Sevink and Koopman, 2020), which are highly
transmissive.
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Figure 2 Map of the study area, Baakse Beek catchment, in the sandy region of
eastern Netherlands (the dark grey region in insert)

The Baakse Beek catchment is represented in the spatially
distributed regional groundwater model AMIGO (Actueel Model
Instrument Gelderland Oost v3.1) which covers the eastern region of
the province of Gelderland. It is widely used by the regional water
management authority Rijn en lJssel, province of Gelderland,
drinking water companies, and consultancies. The model was
calibrated and validated by its maintainers (Vreugdenhil, 2021).
Within Baakse Beek, the maintainers determined the modelled
average low groundwater level is 5 cm higher and the average high
groundwater level is 22 cm lower than the observed levels in 2008-
2016.

The AMIGO model consists of 15 layers, represented by their
transmissivity and the hydraulic resistance between them at a 25m
resolution. The hydraulic resistance is calculated as saturated
thickness divided by the vertical hydraulic conductivity of the
aquifers and the resistive layer between them. This model, which
includes tile drainage, ditches, streams, and extraction wells, is
implemented in iMOD (Vermeulen et al., 2021) for MODFLOW-2005
(Harbaugh, 2005). In AMIGO, installed tile drainage are modelled
using the DRN package in MODFLOW while ditches and streams are
modelled with the RIV package. These two packages together
represent the surface water network that drains the groundwater.
To help the model capture the effect of the surface water network,
the two packages are combined in a common input, referred to here
as DRN and RIV. The AMIGO model was then cropped to a rectangle
containing the Baakse Beek catchment. A fixed head boundary
condition was defined along the edge of a rectangle surrounding the
study catchment. The boundary is maintained at a distance of three
times the leakage factor from the catchment's boundary to ensure
that the boundary does not significantly influence the calculated
response to recharge sites within the catchment. The groundwater
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head from a steady-state run with long-term temporal average
natural recharge is used as the model's initial and boundary
conditions.

2.2. Machine learning models

General modelling task - The results from the numerical model
scenarios are used to train a machine learning (ML) model using a
surrogate modelling approach. In this approach, a surrogate model (
f') is used to approximate the results (y) of a complex model (f) by
reproducing its outputs. However, in this study, the ML model
predicts the difference between the results from a natural recharge
scenario (f,) and the artificial recharge scenario (fs) (equation 2)
rather than the complex model results directly (equation 1). This
increases the relevance of the surrogate model to the scenario
optimization task. Predicting the difference also reduces the output
range, improving the training process for ML models.

fr(xN;xHxW) ~ f(xNXxHxW) — yNnyxW (1)
ff(xN;xHxW) ~ fs(xNxxHxW) — fo(xNxXHXW) = yNnyxW (2)

The spatially distributed models, like the AMIGO model, use N,
geohydrological features of size H X W to predict N,, outputs. The
ML model aims to estimate the same results based on fewer input
features (N}) than the numerical model. This reduction in input
features helps train a more generalised and representative ML
model (Kutz and Brunton, 2022). However, the model needs
minimum input features to capture all relevant relations. The
numerical groundwater model requires 105 two dimensional
features, while the ML models reproduce the response based on 6
input features.

Model architecture - Convolutional neural networks (CNN) (LeCun et
al., 2015; Lecun et al., 1998), a popular ML model for image
processing, are utilised in this study. These networks are especially
suited for learning the local relations within the input features,
which can influence the groundwater system in neighbouring grids.
In the context of this paper, a feature is a measurable property that
is input to the subsequent model layers. CNNs combine multiple
layers to extract different features from the input, using trainable
weight matrices (filters) that consider the surrounding cells of the
cell of interest. Deeper layers in CNNs extract higher-order features,
while initial layers extract elementary features. These higher-order
features are crucial to capture interactions between the input
features (Lerman et al., 2021). In addition to the layers with filters,
CNNs also consist of convolutional, upsampling, batch normalisation
(loffe and Szegedy, 2015), leaky ReLU (Maas et al., 2013) and
dropout layers (Srivastava et al., 2014), which together enable
learning nonlinear relations between the input features.
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This study compares three ML models: encoder-decoder, U-NET,
and attention U-NET. The three models are based on an encoder-
decoder architecture. This architecture consists of encoder blocks
(left block in Figure 3B) that learn the context in the input features
and decoder blocks (right block in Figure 3B) that reconstruct the
results from the learned context. The models differ in their encoder-
decoder architecture, with variations in the number of filters.

The three encoder-decoder models share the same set of 6 input
features. The inputs are two-dimensional matrices, i.e. spatially
distributed values, of artificial recharge rate, aquifer transmissivity,
vertical hydraulic resistance, DRN and RIV conductance, DRN and
RIV stage relative to the groundwater head of the baseline run and
the depth to the groundwater head of the baseline run (Figure 3A).
The features are selected to represent the groundwater flow within
the phreatic aquifer, whose importance is confirmed based on
permutation importance. These features are passed to the first
down sampling block, which generates 32 features. The number of
features is doubled by subsequent down sampling blocks, up to 128
features. This limit was set to reduce the memory requirements for
training the models. After the encoder block, a bottleneck (bottom
Figure 3B) containing two convolution layers with 256 features was
added, which improves the extent to where the recharge site
influences the response.

Following the bottleneck, five decoder blocks are used to
reconstruct the output with decreasing numbers of features (128,
128, 128, 64, and 32) in reverse order compared to the encoder
blocks. The final up-sampling to the input dimensions was done
using a convolution transpose and a convolution layer. The
convolution transpose consists of 8 filters of size 4x4 with stride 2,
while the convolution layer produces one feature with a 1x1 filter.
Finally, a leaky ReLU activation function is applied to scale back
negative values and better represent the output.

Encoder - The encoder block learns context with five down sampling
blocks (left half of Figure 3B). Each block reduces the input's height
and width by half using convolutional layers of 5x5 filters and a
stride of two and zero padding. These layers are followed by batch
normalisation, leaky ReLU activation, and a dropout rate of 10%. The
batch normalisation layer normalises the features with a mean of 0
and a unit standard deviation. The dropout layer replaces a random
subset of the features with 0 during each iteration of the training
process, hiding those features and reducing overfitting. The leaky
ReLU activation introduces non-linearity to the model by scaling
negative values with a slope of 0.2. It is preferred over ReLU, which
only considers positive values, to avoid the 'dying ReLU problem'
due to which the model weights do not update through gradient
descent. The learned features in the encoder are then passed to the
decoder, which recreates the response based on the learned
context.
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Decoder - The decoder block increases the dimension of the features
back to that of the input through five upsampling blocks (right half
of Figure 3B). The three models differ in their decoders. The
simplest of the models is the encoder-decoder, where each
upsampling block consists of a convolutional layer followed by
bilinear upsampling, leaky ReLU activation (slope 0.2), batch
normalisation, and dropout (rate 10%). The convolutional layer uses
5x5 filters, a stride of 1, and zero padding.

U-Net trains on higher-level features directly from the encoder and
context from the deepest part of the network through skip
connections. These connections join the feature from the encoder
with upsampled features from deeper parts of the network. The
combined features are then processed by convolutional layers,
batch normalisation, leaky ReLU activation, and dropout layers like
in the encoder-decoder.

The upsampling blocks in Attention U-Net (Oktay et al., 2018) are
similar to that in U-NET. However, it learns to focus on specific
regions in the higher-level features using an attention block.
Information is extracted from the two sources of features,
upsampled contextual features and the higher-level features, using
convolutional layers with 3x3 filters, a stride of 1 and zero padding.
Additive importance is then calculated based on the information
learnt from the two features, and non-linearity is added to the
importance with ReLU activation. From these, a single importance
weightage is calculated using a convolution layer with a 1x1 filter
and stride one and sigmoid activation, which scales the importance
between 0 and 1. The detailed features are multiplied with
corresponding weights to enhance the relevance of important
regions and they are then concatenated with the upsampled
contextual feature. This concatenated feature is then passed
through the convolutional layers, leaky ReLU activation, batch
normalisation, and dropout layers, similar to the previous models.
Note that the attention U-Net has half the number of filters as the
other two models to stay within the memory limits.

Custom loss function - The models utilised in this study employ a
type of machine learning called supervised learning (Bishop, 2006),
which aims to learn a mapping between inputs and outputs based
on labelled examples. Specifically, the ML model outputs are
compared to groundwater response from the numerical model,
AMIGO. The model's performance is evaluated using a loss function
such as mean squared error (MSE) to update the model parameters
through gradient descent. The training procedure is monitored by
tracking the ML model's performance on a validation dataset, which
is concluded when the loss does not improve through the training
iterations. This validation dataset consists of the AMIGO simulation
results from 100 recharge sites that the ML model was not trained
on.

10
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Lyse = %2(}’ —9)? (3)
L=(1—a)*MSEy+ (a) x MSE, (4)

The loss function was modified to help make it more suitable for the
task. The target variable from AMIGO is sparse, consisting of
multiple cells with no groundwater response, which can lead to the
model primarily predicting zeros. The dying ReLU problem (Lu et al.,
2020) further exacerbates this problem. To address this, the mean
squared error loss (Lysg in Eq 3) was split into two components in
Eqg 4: MSE for predictions where there is no response to the applied
artificial recharge (MSE), and MSE for predictions of the response (
MSE,). In Eq 3, y and y are the groundwater response from AMIGO
and the ML model respectively, while N* is the number of input sites
in the iteration. The final loss (£) is a weighted sum of these two
components, controlled by a hyperparameter a (Eq 4). This loss
function offers several advantages: it balances the error between
the overrepresented zeros and the response, unlike a mask, it is still
sensitive to predictions away from the site, and the tuneable
parameter a allows the relative importance of the two components
to be adjusted to reflect the priorities of the use case.

Based on this loss, the ML model parameters were iteratively
updated using the ADAM optimiser (Kingma and Ba, 2014), with a
learning rate schedule. Each iteration consisted of 8 recharge sites
(batch size = 8). The initial learning rate was set to 0.002, which was
halved if the loss did not improve over five iterations. The training
was continued until the loss did not decrease for ten consecutive
iterations (Figure 3), reducing the training time compared to relying
on the default reduction in the learning rate used by ADAM.

(a) Inputs (b) ML model (c) Output

Additional recharge [mmyday] Encoder Decoder Response (AMIGO)

—>

B

Depth bel rivers & drain [m] River

conduciivity [scaled] Respaonse (ML)

Bottleneck

-8
& . ™ Modify the weights

| | o
i 4 & minimize MSE | I (=i, S R |
Aquitard resistance [scaled] Aquifer ransmissivity [scaled] Error (ML - AMIGO)

Stop training if eror dossn't improve

Figure 3 The training process of the machine learning (ML) models. (a) The ML
model is trained on the five features from AMIGO with the recharge rate we want to
predict the groundwater response. (b) The ML models are based on the encoder
decoder architecture. Two variants of U-NET have skip connections from the
encoder directly to the decoder represented by the dashed line. The model weights
are iteratively updated during training using the ADAM optimiser to a minimise loss.
This loss is based on the mean squared error (MISE) between the (c) ML model
predictions and those from the numerical model AMIGO. The training iterations are
concluded when the loss does not reduce on an unseen validation set for ten
iterations. Basemap from OpenStreetMap-carto.
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2.3.Training the model

Inputs to the ML models - The relative significance of the phreatic
aquifer's properties was evaluated using the permutation
importance approach (Altmann et al., 2010). This method estimates
the significance by evaluating the increase in error that occurs after
permuting that property. This method was used to compare the
importance of the five phreatic aquifer properties and eliminate
irrelevant ones. The compared properties are: transmissivity,
hydraulic resistance below the aquifer, DRN and RIV conductance,
DRN and RIV stage relative to the groundwater head in the baseline
scenario, and the ground height relative to the groundwater head in
the baseline scenario. These properties are two dimensional and
need to be summarised as tabular features before estimating their
importance. Four tabular features are calculated from each 2D
feature which are: (1) mean, (2) minimum, and (3) maximum values
where the steady-state groundwater response was more than 1 cm
and the (4) average value within a 50 m radius of the site. The two
definitions of the area (where the response was more than 1 cm and
50 m from the site) were included to capture the influence of the
geo-hydrological properties near the recharge site and away from
the site. Three key characteristics of the response were used to
assess the relevance of the features and to quantify the ML model
performance: the area, the maximum, and the total groundwater
response (Figure 4). The area of the response is defined as the area
around the recharge site with more than 1 cm of groundwater
response. The maximum response is the highest, and the total
response is the volume of the aquifer saturated by a response of
more than 1 cm. Based on the permutation importance, all five
phreatic aquifer properties are used to train the model.

Data preprocessing was performed to improve the representation of
aquifers as inputs to the ML model. The 15 model layers in AMIGO
are discontinuous and are often represented by thin, highly
transmissive layers. For the input of the ML model, only the
characteristics of the first aquifer were used. We defined the first
aquifer by combining the layers until the resistance below it exceeds
200 days. This aquifer mostly consists of all 15 layers to the East and
four layers towards the West. The resistance below the 15 layers was
represented by the highest resistance between the layers in AMIGO
(Figure 3A). The transmissivity of this aquifer is calculated based on
the hydraulic conductivity and saturated thickness of the individual
layers in the baseline scenario. The properties of the aquifers also
exhibited right-skewed distributions with long tails, as evidenced by
their interquartile ranges (Table 1). To improve the ML model's
stability and performance, these properties were log-transformed
and min-max scaled to 0 and 1. However, DRN and RIV stage and
surface height relative to the average groundwater head were not
transformed or scaled as they are linearly related to the maximum
response, draining excess recharge.
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Table 1 Range and interquartile range of input features from AMIGO, before scaling
and log-transforming some of the inputs.

. . Scaled
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Recharge scenarios - The ML models are trained on the steady-state
groundwater response to additional aquifer recharge with a certain
rate applied for a certain site size, calculated by the numerical
model AMIGO. Scenarios with varying applied recharge rates, site
sizes, and locations were simulated to produce the data used to
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train the ML models. The sites were selected using Latin Hypercube
Sampling (LHS) and Orthogonal Array-based Latin Hypercube
Sampling (OALHS) (Sandor and Andras, 2004). The recharge rates
applied to the topmost layer of the numerical model range from 5
mm/day to 25 mm/day, and the site sizes range from 0.01 km? to 1
km?2. Each site covers 16 to 1600 model cells (each model cell is
25x25 m). These ranges were selected to represent a complete
range of potential recharge sites. While there are no MAR projects
in the study area, there was a test site 8 km from the catchment. It
was 0.58 km? in size and recharged 5 mm/day during the growing
season (Tang et al., 2023). This site would fall within the range
considered. Internationally, recharge between 250 mm and 1500
mm is applied during the growing season, which equates to 1.4
mm/day to 8.3 mm/day (de Wit et al., 2022). While some sites
would fall below the range considered in this study, allowing for
higher recharge rates would enable identifying the maximum
potential recharge rate at the site. The recharge rate and site sizes
were selected using LHS to represent the entire range.

The effect of aquifer recharge is determined by the interplay of
multiple geohydrological properties that vary throughout the
catchment. While the geo-hydrological properties are the same for
all scenarios, we exposed the ML model to various combinations of
these properties by varying where the recharge is applied within the
model extent (Figure 2). The model extent covers 765 km?, which
could consist of 75969 to 720 potential recharge sites. The location
of the sites was randomly selected to represent the entire model
extent in datasets of 100, 300, 500 or 1000 sites. Selecting the
location at random minimizes the potential for bias, ensuring better
model performance for all potential recharge sites. A similar
methodology is used to select locations in previous studies (He et
al., 2021; Taccari et al., 2022; Tao et al., 2022). Multiple sites were
simulated simultaneously while maintaining a minimum distance
between adjacent sites to reduce their interaction. Simulating
multiple sites limited the number of numerical model runs. We used
the OALHS method to ensure that samples are more evenly spaced,
even in multiple dimensions, unlike LHS. While OALHS ensures a
more uniform sampling, it does not guarantee a minimum distance
between adjacent points. To enforce this condition, adjacent points
are separated into groups, resulting in four numerical model
scenarios from each OALHS of x and y coordinates of the recharge
site's centres. Considering the dimensions of the model domain and
the minimum distance, 18 sites were sampled together and then
split into two groups of six and two groups of three sites. Multiple
OALHS were grouped to create datasets of various sizes that
represented the same sample distribution.

The results of the numerical model scenario runs were split into
three datasets: four training datasets, which were created through
resampling (with 1000, 500, 300, and 100 sites), a validation dataset
(100 sites), and a test dataset (200 sites). The OALHS samples were
maintained throughout the different datasets to ensure equal
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representation. The recharge sites in each dataset are shown in
Appendix — A. The recharge sites in the training dataset with 1000
sites cover 364 km? representing 47.6% of the model extent. Of this,
47.3 km? overlaps with the test dataset. Although some sites in the
training dataset overlap with those in the testing dataset, the
recharge rate and the area of the sites differ between the sites.

2.4. Analysis

The performance of the three ML models is assessed by comparing
their predictions of the three key characteristics, the maximum, the
area and the total response (Figure 4). The comparison uses the
Nash-Sutcliffe Efficiency (NSE) metric. The NSE measures the
model's ability to explain the variance in the observations and
ranges from - to 1, with higher values implying a better predictive
ability.

While NSE describes the overall model's performance, it does not
account for systematic errors. The systemic errors across the range
of responses are represented in a scatter plot of the estimated key
characteristics from the best ML model and AMIGO. For this, we
considered scenarios with a constant recharge rate of 15mm/day
over recharge sites of 1 km? across the entire model domain. The
key characteristics are also represented as maps that reveal the
interactions between the inputs and the resulting response.

= Surface

. Response

Recharge site

|

w

r

Maximum
response

Height above average water table [m]

Total
response

[=]

Area of response

3000 6000 9000
Distance [m]

Figure 4 Cross-sectional view of a possible response of the groundwater to artificial
recharge. All heights are relative to the baseline groundwater head. The increase in
groundwater head (blue) is due to artificial recharge at the recharge site (light blue).
The brown line represents the surface elevation relative to the baseline
groundwater head. The maximum response, the area of the response and the total
response are the key characteristics used to quantify the model performance. The
vertical and horizontal axis are not symmetrical which exaggerates small changes in
groundwater depth and response.
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Figure 5 Map view of the response estimated for three recharge sites (A, B, C),
represented in columns, by the numerical model AMIGO (top row) and by UNET
model (middle row) trained on 1000 input recharge sites. The difference between
the two is represented below as the error. The recharge sites are selected for their
asymmetric response caused by the interaction between the groundwater and the
surface water network (Groote Beek River and lissel River). The bottom row
represents the cross sectional view of the response along the transects in the maps.
The vertical and horizontal axis in these cross sections are not symmetrical which
exaggerates small changes in groundwater depth and response. Basemap from
OpenStreetMap-carto.

To showcase the advantages of the ML model, we undertook a
methodology aimed at determining the optimal location and
recharge rate for sites within the catchment area. This involved
simulating 7,722 recharge sites across the entire study area, each
covering an area of 10 hectares. The simulation included the
evaluation of eleven recharge rates ranging from 5 to 25 mm/day at
2 mm/day intervals for each site. Based on these simulations, we
created a database of 84942 responses among which the optimal
recharge sites can be identified. To identify these sites, we sought
locations exhibiting the highest response at a low recharge rate
based on the total volume of the response. Although related, this
target differs from the volume of water stored in the aquifer. To
estimate the extra volume of water which can be stored by the
artificial recharge, we multiplied the total volume of the response by
the specific yield of the phreatic aquifer. The specific yield used in
AMIGO for transient simulations is 0.15 (Vreugdenhil, 2021) which
corresponds to an aquifer composed of silt to medium sand
(Johnson, 1967). This aquifer material type fits the description of the
Pleistocene sands in the catchment.

The assessment of these locations involved comparing their
response to a constant recharge rate of 25 mm/day. Subsequently,
the optimal recharge rate was discerned by identifying the minimum
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recharge rate that achieved more than 80% of the maximum
response at each site. This comprehensive methodology allowed us
to systematically analyse and pinpoint the most effective locations
and recharge rates for artificial recharge within the catchment area
while demonstrating the benefits of the ML model.

3. Results & Discussion

This section evaluates the performance of three ML models
(encoder-decoder, U-Net and attention U-net) in predicting the
steady-state groundwater head responses to artificial recharge,
generated by the numerical groundwater model, AMIGO. The best
performing ML model has captured the asymmetric responses to
the artificial recharge (Figure 5). This asymmetry is caused by the
interaction of the groundwater with the surface water network such
as, with rivers and drains. The surface water network drains part of
the groundwater response, hence limiting the response. Despite the
added complexity, the best ML model captured this interaction,
predicting the response outside the recharge site within £10 cm. In
the following sections, the performance of the ML models is further
examined.

3.1. Performance of the three machine learning
models

All three ML models perform well when trained on 300 or more
recharge sites, indicated by high (NSE values (Figure 6). They
achieved a high NSE in comparing the total response and its area
despite the lower NSE for the maximum response.

Both U-Net and Attention U-Net models exhibited similar
performance and consistently outperformed the encoder-decoder
model. The variants of U-NET's outperformance could be due to the
increased number of model parameters and the significance of the
skip connections from the encoder to the decoder block in the U-
Net models (Figure 3). These skip connections allow the models to
capture spatially highly variable details in the input, such as DRN and
RIV properties. This conclusion is further supported by the encoder-
decoder model's worse performance at predicting the maximum
response, as high groundwater heads are strongly influenced by the
surface drainage network near them, which is better captured by
the U-Net models. This effect of the surface drainage network is
evident in Figure 5C, where the lJssel river (Figure 2) drains some of
the groundwater, causing an asymmetric response. Similarly, the
Grote Beek stream, southwest of the recharge site, causes a smaller
and steeper response (Figure 5B).

Attention U-Net learns to focus on important regions within the
input that help it predict the local response more accurately.
Contrary to its expected better accuracy, attention U-Net does not
have a significantly different NSE than U-Net. After accounting for
different training sizes, the true difference in NSE between the two
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ML models is between -0.06 and 0.05 (95t percentile) based on
paired student's t-test. This result is counter-intuitive as the
response is highly localised and the ML models could gain from
focussing on selected parts of the input data. However, the
attention mechanism in attention U-Net's decoder block increases
the model's memory requirement, which we compensated for by
halving the number of filters in the convolution layers in the model.
Based on this, we can conclude that more filters greatly improve the
model performance, more than the advantages of the attention
layers. For models with a smaller extent, requiring less memory, it
could be more beneficial to train U-Net with more filters rather than
using Attention U-Net.

Furthermore, all three models improve with additional training data,
particularly for the area of the response and total response (Figure
6A and Figure 6C). Specifically, the U-Net model's NSE for the
predicted area increased from 0.71 to 0.96 with 1000 training sites
versus 100 sites, and the NSE value for the predicted total response
increased from 0.76 to 0.95 with additional training sites. However,
the NSE for the predicted maximum response did not consistently
improve with additional training data (Figure 6B). Additional training
sites improved the performance up to 500 sites, but the predicted
maximum response only marginally improved when doubling the
input to 1000 sites (NSE of U-Net from 0.86 to 0.87).

A B C
Total response Maximum response Area of the response

1.04

0.84

NSE [-]

0.6

0.44

100 300 500 1000 100 300 500 1000 100 300 500 1000
Number of training scenarios

Model: Attention U-Net —=— Encoder-Decoder U-Net

Figure 6 Nash-Sutcliffe Efficiency (NSE) of the key characteristics from the
groundwater head response estimated by the machine learning models when
trained with an increasing number of training sites along the x-axis. A high NSE
(maximum of 1) indicated more accurate predictions. The three characteristics of
the response (total, maximum and area of the response) are represented in columns
(A, Band C).

Another consideration when choosing the model is the training and
evaluation time. However, the training time is strongly dependent
on the initial values of the parameters in the ML model and hence
might not be perfectly reproduced. The initial parameters also
explain the initial error that improves during the training process
(Figure 7). The error does not steadily reduce during training and
often fluctuates, especially early into the training. This fluctuation is
likely due to a relatively high learning rate which was reduced when
the training stagnated. This learning rate reduced the overall
training time compared to relying on the ADAM optimiser's default
learning rate. The training process seems to be slowed by the
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vanishing gradient problem, exacerbated by the sparse nature of the
response. The encoder-decoder model trained on 100 recharge sites
stagnated at this point and only predicted low responses. The model
needed more than 100 sites to train further.

The relative effect of the training size on the total training time
would likely be consistent in future training attempts. Additional
training sites linearly increase the training time, from 70 min when
trained on 100 sites to 10 hours for 1000 sites. Although it is a long
time, it is 'passive time' where no human interaction is required.
Each training iteration for the encoder-decoder model is shorter,
but it rarely outperformed the variants of U-Net (Figure 7). Between
the variants, Attention U-Net trained faster than U-Net for smaller
datasets with 100 sites and 300 sites and achieved lower validation
errors. This is likely due to the model's ability to learn regions to
focus on through training. However, U-Net can compensate for the
attention mechanism with additional training data and
outperformed Attention U-Net when trained on 1000 sites.

100 sites. | 300 sites 500 sites 1000 sites

10000

1000

MSE (cm?)

0 20 40 60 80 0 25 50 75 100 125 0 100 200
Training time (min)

Models: — Aftention U-Net — Encoder-Decoder — U-Net

Figure 7 Validation MSE that was tracked during the training process. The MSE is
calculated for an unseen set of recharge sites, validation set, different from the sites
used to train the model. Additional training sites improve the final model but also
increase the training time.

The evaluation time for the models ranges between 0.06 s to 0.43 s.
The average evaluation time for the three models ranged between
0.09 s and 0.11 s and varied significantly between the models
(Kruskal-Wallis test p-value < 0.01). However, this difference is not
of practical significance, especially when compared to the average
AMIGO run that took 1290 s (between 688 s and 2227 s). The
slowest ML model, U-Net, could evaluate 3000 scenarios during the
average time for a single scenario run in AMIGO.

3.2.Performance of the best model

The U-Net model trained on 1000 recharge sites is the best-
performing ML model with the highest NSE for predicting area and
total response. However, NSE does not account for systematic
errors. Figure 8 shows good agreement between the U-Net and
AMIGO estimates, but often U-Net underestimates the maximum
groundwater response.
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Figure 5C is one such scenario where U-Net underestimates the
maximum response; limiting the response to the bottom of a local
depression at the recharge site. The recharge rate at the site
exceeds the maximum rate the groundwater can spread away from
the site, leading to the groundwater head reaching the surface and
seeping out through overland flow (cross-section of Figure 5C).
Although such a high recharge rate is not efficient at storing water in
the subsurface, the occurrence of overland flow would encourage a
redesign of the recharge site. AMIGO can capture this phenomenon,
but the response from U-Net does not reach the surface level. The
response from U-Net is limited by the deepest surface point,
resulting in a larger error at the recharge site (Figure 5C). However,
U-Net underestimates the response, which still suggests that the
site is inefficient at storing water and motivates redesigning the
recharge site. Additionally, this error has a minor impact on the
response away from the recharge site, where the response from
both AMIGO and U-Net are mostly within 7.2cm of each other (99th
percentile). This error is comparable to the responses in Figure 5A
and Figure 5B, 9.1cm and 5.4cm respectively.

The U-Net model shows a negative bias for high values in both the
total response and area of response. Specifically, the U-Net model
underestimates the response of the top ten sites with the highest
total response by 15% (see Figure 8A) and the area of the top ten
widest response by 13%. Notably, these results are only applicable
to responses more than 5cm. When including the smaller responses,
up to 1cm, the bias increases to 26% (Figure 8C). Interestingly,
increasing the lower limit to 10cm did not decrease the bias (13.1%
vs 13.0%), indicating that U-Net underestimates the small responses
and the bias increases for responses less than 5cm. Although the
total response is less sensitive to the minimum limit, it still increases
from 12% to 16% when considering responses less than 5cm.

A Total response (Milion m®) B Maximum response (m) c Area of the response (km?)
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Figure 8 Scatter plot of the key characteristics of the response, estimated by U-Net
vs those from the numerical model, AMIGO. These results are for recharge sites
across the entire model domain, with 15mm/day recharge applied over 1 km?. The
total response and area of the response were calculated for responses of more than
1cm, 5cm and 10cm to indicate the model's accuracy at predicting smaller
responses. The line is used to represent the trend in the scatter created from a local
polynomial regression fitting.
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Figure 9 A comparison of the input data (top row) and the predictions of the three
key characteristics (total, maximum and area of the response) from the numerical
groundwater model (AMIGO, middle row) and our best machine learning model (U-
Net trained on 1000 recharge sites, bottom row) for 1km? recharge sites with
15mm/day artificial recharge over the model domain.

3.3.Input features

The key response characteristics: area, maximum, and total
response, depend on various hydro-geological inputs and their
interaction. This interaction is evident in Figure 9, where the key
characteristics are not directly related to any single hydro-geological
input but a combination. U-Net could reproduce the spatial patterns
of the key characteristics accurately, indicating that it has captured
the effect of the interaction. Among the key characteristics, the
maximum response has the most direct dependence on the
groundwater depth below the ground surface and the DRN and RIV
stage. These inputs limit the maximum response by draining some of
the excess recharge. The recharge increases the groundwater head
in the aquifer up to the drainage level. As the head increases above
the drainage level, the groundwater is drained to the surface water
network, depending on the head above the drain level and the drain
conductance. This dependence is evident for sites at the elevated
regions near the rivers. These rivers have a high conductance and
hence more strongly limit the groundwater response. This
dependency is also captured when estimating the importance of the
inputs using the permutation importance approach (Figure 10). This
approach suggests that the maximum response is significantly
dependent on the average depth near the site, the maximum and
minimum drain conductivity, transmissivity, and the minimum
resistance.

The area of the response is the second key characteristic with a
more direct relation to the input variables. The area depends on the
aquifer's transmissivity, the minimum resistance between the
aquifers, and the level and conductance of the surface drainage
network (Figure 9) which is also reflected in the permutation
importance (Figure 10). Higher transmissive aquifers allow for a
faster flow of water away from the recharge site at a gentler
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gradient. The faster flow and a gentler gradient result in the artificial
recharge providing water to a wider area. The dependency on the
surface drainage network can be explained by making a comparison
with groundwater abstraction. For groundwater abstractions, the
equation for leakage factor is related to the area around an
abstraction well where leakage occurs through the aquitard due to
the pumping in the aquifer below. Higher leakage factors indicate
that pumping would reduce the groundwater head in a wider area,
increasing the leakage in that area. Leakage factor (A) is the square
root of the ratio of the aquifer's transmissivity (KD) and the aquitard

conductance (K’/D') above the aquifer: A = /%, where Kand D

are the hydraulic conductivity and thickness of the layers. Phreatic
aquifers do not have an overlying aquitard; for these aquifers, the
properties of the surface drainage network are used instead (van
der Gaast et al., 2005). Besides the effect of the aquifer
transmissivity and resistance of the surface water network, the
permutation importance also suggests that the area of the response
depends on the minimum aquitard resistance below the aquifer
(Figure 10). However, the maximum and average resistance is only
significant up to a level of 5%.

The total response is the most complex and important key
characteristic of the response, related to the total volume of fresh
water stored using artificial recharge. It combines the other two key
characteristics, i.e. the maximum and the area of the response. The
total response also depends on the transmissivity and the surface
drainage network properties as they affect both the maximum and
the area of the response (Figure 9). Along with these inputs, the
total response depends on the average groundwater depth near the
site and the minimum aquitard resistance below the aquifer up to a
significance level of 1% (Figure 10). Based on these results, all five
features are necessary to ensure an adequate representation of the
system in the ML model.
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866 three performance indicators when the hydrological properties of the first aquifer
867 are randomized. The mean, minimum, and maximum values of the property where
868 the groundwater response was more than 1cm and the average of the property
869 within a 50m radius of the site were used to represent the hydrological properties

870 influencing the response at the site. The three performance indicators are (1) the
871 area of the groundwater response, (2) the maximum response, (3) total response. P-
872 values show the significance of the input characteristics in explaining the

873 performance indicators. The average, maximum or minimum of the hydrological
874 properties are important to explaining the key characteristics of the response up-to
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a significance level of 0.01 and were hence included as inputs to the ML model.
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Figure 11 Optimal recharge rate for 10 ha recharge sites across the entire study
area. The total volume of the response, in million m3, to recharge of 25mm/day
applied in sites of 10 ha is shown in A. However, this recharge rate is often
inefficient. B is the volume of water stored, in million m3, when recharging at a rate
that achieves at least 80% of the response at 25 mm/day. The corresponding
recharge rate, in mm/day, is in C.

3.4. Applications

The ML model's efficiency, being 3000 times faster than the
numerical groundwater model, makes it suitable for various
applications requiring numerous steady-state model runs. For
instance, it can greatly benefit tasks like optimizing recharge rates,
determining the optimal size and location of recharge sites, and
comparing multiple locations rapidly. In cases where recharge
volume is predetermined, such as by regulatory mandates, the ML
model enables swift comparison of multiple locations. This
facilitates the evaluation of various combinations of recharge rates
and site areas, aiding in decision-making processes.

The bottom row of Figure 9 illustrates a notable example where the
key characteristics of 720 recharge sites were compared. The ML
model efficiently simulated these 720 recharge sites within 144
seconds, while the numerical model required 11 hours for the same
task. To enhance the speed of the numerical model runs, each run
simulated 6 equally spaced recharge sites, and five runs were
executed in parallel. This comparative analysis underscores the
substantial speed-ups achieved when using the ML model.
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The results highlight specific regions within the catchment area,
particularly the center and eastern edges, as promising potential
recharge sites. Additionally, smaller regions near the northern and
southwestern edges of the model domain show promise. Figure 11A
depicts a similar analysis using the ML model, focusing on recharge
at a rate of 25 mm/day over 10 ha sites within the model domain.
The results reveal that, at this recharge rate, only the center and
eastern regions exhibit a high total response. This observation
suggests that different locations are more suitable at different
recharge rates.

To illustrate this point, we conducted a comprehensive comparison
involving the steady-state response of 7,722 recharge sites, each
covering an area of 10 hectares, across 11 recharge rates ranging
from 5 to 25 mm/day at 2 mm/day intervals. In total, the response
from 84,942 scenarios were predicted with the ML model in 980
seconds, which would have taken the numerical model 270 days
with the optimizations used to simulate 720 sites. This analysis
aimed to determine the minimum recharge rate that achieves 80%
of the highest total response for each site. Recharge sites located in
the eastern region of the catchment achieved a high total response
volume, saturating up to 4.35 million m3 (Figure 11A), corresponding
to 0.65 million m3 water stored (Figure 11B) at the optimal recharge
rate of 11 mm/day (Figure 11C). This effectiveness could be
attributed to the relatively low subsurface transmissivity, resulting
in a localized response to artificial recharge. Consequently, the
influence of streams and ditches away from the recharge site is
minimized. The high steady-state response achieved at a low
recharge rate makes this region emerge as a favourable location for
artificial recharge.

Conversely, the central portion of the model domain exhibits a
relatively high total response of 3 million m3 while storing 0.45
million m3 of water. This site benefits from a higher recharge rate of
23 mm/day (Figure 11C). Given the widespread response of these
recharge sites (Figure 9), they hold the potential to effectively raise
the groundwater level for the entire area, thereby enhancing water
availability for the broader natural environment. This underscores
the strategic importance of optimizing recharge rates based on the
specific characteristics of different regions to maximize the positive
impact on groundwater levels and ecosystem sustainability.

This analysis can readily incorporate variations in storage
coefficients across the model domain. By leveraging available data
on storage coefficients, we can optimize both stored water and
increases in groundwater head. While this integrated approach
would enable a comprehensive assessment of the groundwater
response and the alleviation of water stress on natural ecosystems
and the environment it is important to note that our current study
focuses on the steady-state response which is independent of the
storage coefficients and hence including the coefficient is beyond
the scope of this study. This focus allows us to delve deeply into the

25



951
952

953

954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989

990

991
992
993
994
995
996
997

system's long-term behaviour without the added complexity of
variable coefficients.

3.5. Steady-state vs transient scenarios

Steady-state scenarios depict the groundwater heads in a state of
equilibrium, where the inflows balance outflows without changes in
the storage within the cells. However, these scenarios assume no
changes in the boundary conditions throughout the simulation, such
as recharge, DRN, and RIV properties. These scenarios are thus not
intended to accurately reflect temporal dynamics, such as seasonal
variations in precipitation. Nevertheless, steady-state scenarios
provide valuable initial estimates, particularly for evaluating the
long-term effects of adaptation measures such as artificial recharge
when applying a constant recharge rate. Moreover, they require less
input data than transient scenarios and are faster to simulate than
transient scenarios. As a result, the data for training the ML model
are often available, making our technique applicable to more areas.
Having fewer input data that do not change during the simulation
facilitates precise attribution of the changes between scenarios to
specific inputs. This study leverages the benefits of steady-state
scenarios to demonstrate the applicability of the technique to
optimize artificial recharge sites.

Transient scenarios have the advantage that they can offer a more
detailed depiction, especially on the response of groundwater heads
and storage to artificial recharge in time, by accounting for the
dynamic nature of the system, based on which we can assess the
effect of seasonal variability on the system. Transient scenarios also
explicitly account for the changes in storage within each time step
due to the additional artificial recharge or due to seepage to the
surface water network. Understanding the effect of the geo-
hydrological properties that affect the changes in storage could
enhance the optimization of recharge site locations. Given the
successful development of an ML technique to mimic steady-state
conditions, as is done in the current study, the next step to develop
such an approach for transient conditions is warranted. It should be
noted however that successful implementation is not a given, as
complexity increases. This concerns e.g. differentiation between
periods of infiltration building up certain storage (autumn and
winter) and storage decay during summer seasons, for which
different ML approaches might be needed.

4. Conclusions

This study aims to understand the design choices for a machine
learning (ML) model to predict the steady-state groundwater
response to artificial recharge. It compares three state-of-the-art ML
models that best reproduce the response based on an identified
subset of the geo-hydrological data. The ML models were trained on
the results from a pre-calibrated numerical groundwater model to
reproduce the simulated response. In doing so, the response can be
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estimated nearly instantly and help select appropriate artificial
recharge sites and optimise the sites. The ML model's performance
was judged based on their performance at three key response
characteristics: the maximum response, the area of the response
and the total response.

Three convolutional neural networks were trained, of which U-Net
and Attention U-Net could accurately reproduce the response.
These models contain skip connections that enable the model to
capture spatially highly variable details in the inputs, such as DRN
and RIV. Additionally, both these models have similar performance
suggesting that the attention mechanism does not compensate for
its memory requirement. With more available memory, training a U-
NET with more filters could be more beneficial than opting for
Attention U-NET. Both variants of U-NET achieved a high Nash
Sutcliffe Efficiency (NSE) of 0.9 when trained on the results from 500
recharge sites. Additional training sites improved the NSE to 0.96 at
predicting the area of the response and the total response, while
the maximum response did not show a marked improvement to
additional data. However, additional data increases the computation
time to generate the data and train the model, negating some of the
benefits of the speed-up from the ML model. Despite the increased
computation, the trained ML models could then be used to consider
more scenarios, estimating the response within 0.24 s (95t
percentile), significantly faster than the numerical model, which
took 1290 s. The slowest ML model, U-Net, could evaluate 3000
scenarios during the average time for a single scenario run in
AMIGO.

Although the ML models trained in this study have a high NSE, they
have their limitations. The models underestimate the maximum
response in cases where groundwater levels reach the surface. Our
best model is U-NET trained on 1000 sites; it limits the head to the
deepest point at the recharge site (cross-section in Figure 5C). This
error leads to underestimating the total response for scenarios with
a high response. Despite this underestimation, the results do not
impact the final recommendation that the scenario is sub-optimal
and a similar response is possible with a lower recharge rate.
Furthermore, the underestimation has a minor impact on the
response away from the site or on the total response which is the
most important characteristic to increase the water availability.
Another limitation of the model is the lower accuracy in predicting
small responses of less than 5cm. However, the smaller responses
have a minor impact on the total response and hence should not
affect the optimisation of the recharge sites.

When training similar models, future work must decide between the
geo-hydrological inputs that adequately represent the groundwater
system. While the groundwater head response to phreatic aquifer
recharge is mostly dependent on the properties of the phreatic
aquifer itself, deeper aquifers do impact the response. The deeper
aquifers have a diminishing impact on the flow which we addressed
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by combining the numerical model layers with a low resistance
between them and focussing specifically on the first aquifer. Despite
the potential for enhancing the model's accuracy by incorporating
the properties of deeper aquifers, the ML models trained on the
properties of the first aquifer could reproduce the steady-state
response. Among the properties, we identified five crucial
properties based on the results of the numerical model's scenarios
and Altmann's permutation importance approach: transmissivity,
resistance below the phreatic aquifer, depth to the groundwater,
the water level in the surface water network and the network's
hydraulic conductance to flow into the aquifer. Among these inputs,
the transmissivity and surface water network properties are the
most important as they impact all the key characteristics of the
response. Considering the importance of these inputs, future
research could focus on the effect of artificial recharge on these
inputs. While the effect of higher transmissivity due to higher
saturated thickness is incorporated in the numerical model
simulations, the higher river stages due to greater flux to the river
are not incorporated. A higher river stage would reduce the river
flux which would increase the response. However, incorporating this
would require generating the training data using a coupled surface
water — groundwater model which is beyond the scope of this
research.

Fast models for specific tasks could prove an effective aid in
designing good aquifer recharge sites. The speed-up could enable
the water management authorities to consider many more
scenarios in and around the selected catchment. The increased need
for such an approach also follows from literature, e.g. from using
ML-models to explain groundwater fluctuations (Sahoo et al., 2017)
and the exploration of the influence of different uncertainties
including future climate conditions while considering 1872 future
scenarios (Miro et al., 2021). The approach could also motivate and
justify the decisions to stakeholders improving support for water
conservation. While this study does not demonstrate the model's
performance in other regions, a similar model could best suit that
region's challenges. The model in this study could serve as a starting
point, and transfer learning techniques could be deployed, reducing
the number of training scenarios needed and the training time.

Finally, we identified challenges when covering a larger spatial
extent by the model. The larger extent increases the spatial GPU
memory required when training the machine learning model. The
authors limited the size of the Attention U-Net to fit in the 16 G.B.
available in NVIDIA Tesla T4 GPUs. Training an Attention U-Net with
more filters could make it outperform U-Net. Similarly, the
adversarial loss from generative adversarial networks (GANs) could
further improve the model trained, but this required training an
adversarial network alongside, increasing the memory overhead in
the process.
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The models in this study focus on the groundwater response within
the Baakse Beek catchment in the Netherlands. Future researchers
could focus on training a single model for different locations, in
order to investigate to what extent an ML model could be generally
applicable and usable in catchments with sparse data. However, a
similar extent must be maintained to ensure it can predict the entire
spatial extent of the response. Furthermore, the current model is
limited to steady-state scenarios, and considering the response's
evolution during dryer periods could influence design choices.
Groundwater heads are deeper during dryer periods, increasing the
potential response to MAR. The groundwater fluctuations near the
recharge site are sensitive to the storage coefficient of the
surrounding aquifer which is not considered in steady-state
groundwater response. The U-Net trained in this study may be
extended for more complex scenarios and can be used to capture
the effect of other geo-hydrological properties.
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Appendix — A: Site locations and recharge rates for all
sites in the datasets
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Figure A2 Recharge rate at all the recharge sites in the Testing dataset. The three
ML models are compared on their performance at predicitng the response to the
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Figure A3 Recharge rate at all the recharge sites in the Validation dataset. This

dataset is used to track model performance during training.
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Figure A5 Recharge rate at all the recharge sites in the Training dataset with 300
sites
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Figure A7 Recharge rate at all the recharge sites in the Train dataset with 1000 sites
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Highlights

U-Net accurately reproduces the groundwater response to artificial
recharge

Inputs include properties of the first aquifer, drainage network, and
recharge rate

Transmissivity and surface water networks significantly impact the
response
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U-Net representing a 3000-fold speed up compared to gridded
groundwater model
Minor benefits from more than 500 recharge sites for training
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