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Abstract Karst springs are essential drinking water resources, however, modeling them poses challenges
due to complex subsurface flow processes. Deep learning models can capture complex relationships due to their
ability to learn non‐linear patterns. This study evaluates the performance of the Transformer in forecasting
spring discharges for up to 4 days. We compare it to the Long Short‐Term Memory (LSTM) Neural Network
and a common baseline model on a well‐studied Austrian karst spring (LKAS2) with an extensive hourly
database. We evaluated the models for two further karst springs with diverse discharge characteristics for
comparing the performances based on four metrics. In the discharge‐based scenario, the Transformer performed
significantly better than the LSTM for the spring with the longest response times (9% mean difference across
metrics), while it performed poorer for the spring with the shortest response time (4% difference). Moreover, the
Transformer better predicted the shape of the discharge during snowmelt. Both models performed well across all
lead times and springs with 0.64–0.92 for the Nash–Sutcliffe efficiency and 10.8%–28.7% for the symmetric
mean absolute percentage error for the LKAS2 spring. The temporal information, rainfall and electrical
conductivity were the controlling input variables for the non‐discharge based scenario. The uncertainty analysis
revealed that the prediction intervals are smallest in winter and autumn and highest during snowmelt. Our results
thus suggest that the Transformer is a promising model to support the drinking water abstraction management,
and can have advantages due to its attention mechanism particularly for longer response times.

1. Introduction
Karst aquifers provide 10% of the population with drinking water (Olarinoye et al., 2020). Due to its distinct
hydrogeological characteristics, including sinking streams, caves, enclosed depressions, and networks of conduits
and fractures, it is difficult to accurately predict the discharges of karst springs (Ford & Williams, 2007). Ad-
vances in this field of research are needed for supporting sustainable drinking water supply management.

Different karst discharge modeling approaches exist such as hydrogeological, pipe flow, and data‐driven models
(Jeannin et al., 2021). Hydrogeological (fully distributed) models are based on the solution of process‐based
governing equations, for example, laminar, turbulent, unsaturated, and saturated flow. Pipe flow models are
based on a conceptualization of different geological units of the aquifer such as the epikarst, conduits, and the
permeablematrix (Çallı et al., 2022;Mazzilli et al., 2017).Data‐drivenmodel approaches includemachine learning
models, which are statistical models that learn certain tasks through training with data (Rahbar et al., 2022).

Within the group of machine learningmodels, deep learning models have been shown to work particularly well for
groundwater related problems, outperforming conceptual and physically based model approaches, as demon-
strated for example, by Husic et al. (2022). The state‐of‐the‐art deep learning approaches applied in hydrology so
far include the multi‐layer perceptron (MLP), convolutional neural networks (CNN), and recurrent neural net-
works (RNN), such as LSTMs (Rahbar et al., 2022; Wunsch et al., 2021, 2022). LSTMs are neural networks that
were developed to overcome shortcomings of previous RNNs, which have difficulties learning long‐term de-
pendencies. LSTMs use a cell state that is updated through gates, which control information flow (Hochreiter &
Schmidhuber, 1997). The Transformer is a deep learning model for predicting sequential data that was introduced
by Vaswani et al. (2017). It circumvents problems associated with the sequential nature of RNNs by using the so‐
called “attention mechanism.” Attention allows for building relations between every pair of input feature values in
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the input sequence and not only to the temporally close data points. Transformers have been built for and are very
successful in natural language processing (Brown et al., 2020; Devlin et al., 2019) and are now being adapted for a
wide range of problems. For example, in speech recognition, a Transformer was shown to outperform state‐of‐the‐
art LSTMs (Zeyer et al., 2019). In recent years, efforts have been made to implement and improve Transformers
for time series forecasting (Li et al., 2019; Mohammdi Farsani & Pazouki, 2021). In the field of hydrology, the
Transformer is widely unknown, and, to the best of our knowledge, has not been explored in karst hydrology yet.
We hypothesize that it might work particularly well and potentially outperform other deep learning models in
forecasting non‐linear hydrological processes.

Machine learning and especially deep learning models have been applied in hydrology for modeling surface water
and groundwater (C. Chen et al., 2020; Fang et al., 2021; Xiang et al., 2020). The primary focus so far has been on
rainfall–runoff modeling and flood forecasting (Kratzert et al., 2018; Liong & Chandrasekaran, 2007). On top of
that, groundwater level forecasting has been explored in multiple studies (Daliakopoulos et al., 2005; Nayak
et al., 2006; Wunsch et al., 2021). For the prediction of karst discharges, machine learning models have only
recently been used (An et al., 2020; Cheng et al., 2021; Jeannin et al., 2021; Rahbar et al., 2022; Xu et al., 2022). For
instance, Rahbar et al. (2022) used several shallow and deep learning approaches, for example, an MLP combined
with a hybrid gamma test‐genetic algorithm approach, achieving high performances in the discharge forecasts for
some of the investigated karst springs. Generally, deep learning approaches (e.g., MLP and Long Short‐Term
Memory (LSTM)) showed high performances for the prediction of karst spring discharges (Cheng et al., 2021;
Rahbar et al., 2022). Most of the machine learning applications for karst discharge predictions, however, were
based on only a few feature variables at low temporal resolutions (Cheng et al., 2021; Rahbar et al., 2022).
Incorporating online measurements of meteorological and physicochemical water quality variables at high tem-
poral resolution offers opportunities for improving the karst spring discharge forecasts. The aim of this paper is to
test the performance and evaluate the model uncertainty of the Transformer and compare it to an LSTM for
forecasting karst discharges. The primary focus is on the well studied limestone karst aquifer spring LKAS2 in
Austria (Farnleitner et al., 2005; Reischer et al., 2008; Stadler et al., 2010), providing an excellent data basis
including several variables at high temporal resolution. For cross‐comparison of the model performances for
different discharge characteristics, we include two further springs, the higher dynamicAubach spring and the lower
dynamic Ursprung spring, for both of which fewer variables were available. We use an hourly temporal frequency
of the input and output variables and a forecast horizon of one to 4 days ahead (i.e., lead time of one to 4 days). This
time horizon was chosen because it overlaps with the demands of the local water industry and preliminary ex-
periments showed acceptable results up to a lead time of 4 days, in contrast to longer lead times. This was also
shown by Lambrakis et al. (2000) who tested lead times of up to 16 days and concluded that lead times over 4 days
result in high errors due to the chaotic nature of the karst system dynamics. For comparison, we selected the LSTM
as one of the state‐of‐the‐art deep learning neural network approaches applied earlier for karst spring discharges
(An et al., 2020), and a common baseline model. We hypothesize that the Transformer outperforms the LSTM
because of its advantages in comparison to the RNN mentioned above. The secondary aim was to explore the
potential of various input variables for improving the spring discharge forecasting performance, including hourly
meteorological, as well as spring discharge, and online physicochemical water quality variables. To meet our aims
and test our hypothesis, we used 7‐year data sets from the LKAS2, the Aubach and the Ursprung karst springs. We
performed a feature selection to obtain the ideal input variables for the respective models. For both deep learning
models, we obtained an optimized model architecture by automatic hyperparameter tuning with regards to the
number of layers, units, and regularization measures. Finally, we compared the mean model performances of all
models over each day of lead time based on the Nash–Sutcliffe efficiency (NSE), the mean absolute error (MAE),
the root mean square error (RMSE), and the symmetricMean Absolute Percentage Error (sMAPE). For evaluating
the model uncertainty, we used a state‐of‐the‐art Bayesian method, called Monte Carlo (MC) dropout that aids in
determining prediction intervals (Gal & Ghahramani, 2016). We used the percentage of measured discharge in the
prediction intervals and the prediction interval width to quantify the uncertainty of the predictions.

2. Materials and Methods
2.1. Study Area and Data

Karst aquifers are of essential importance for the water supply of many European regions. Cities such as Vienna
(AT), Rome (IT), and Grenoble (FR) rely predominantly on karst aquifers for drinking water (Z. Chen et al., 2017;
Goldscheider, 2005).
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LKAS2. The limestone karst aquifer spring LKAS2 is located in the Northern Calcareous Alps in Austria.
LKAS2 contributes substantially to the Austrian urban water supply, and its discharge and water quality char-
acteristics have been extensively studied previously (Farnleitner et al., 2005; Reischer et al., 2008; Reszler
et al., 2018; Stadler et al., 2010). The altitudes of the catchment reach up to 2,277 m above sea level (a.s.l). The
catchment area is approximately 70 km2, the mean altitude of the catchment is 1,380 m a.s.l. and the spring is
accessible in a valley at 600 m a.s.l (Farnleitner et al., 2005; Reischer et al., 2008). The average discharge is
5880 l/s, with a ratio Qmax/Qmin of 57.5 during 2012–2019. The entire plateau in the catchment and most slopes
are well karstified. The dominant subsurface karst features are dolines. Furthermore, multiple polje‐like features
exist. Polygenetic glaciokarstic depressions with a diameter of more than 500 m and depths of 60 m are found.
More than 1,000 caves have been mapped within the catchment area and observations indicate that water rapidly
passes the vadose zone. Springs, streams, and ponors are rarely found in the catchment (Plan et al., 2010). The
vegetation consists of pastures, forests, and natural calcareous alpine swards with krummholz (Farnleitner
et al., 2005). For forecasting karst discharge at LKAS2, we used hydrological, physicochemical, and meteoro-
logical data that is, the spring discharge, the turbidity, the spectral absorption coefficient at 254 nm (SAC), the
water temperature, the electrical conductivity (EC), the air temperature, precipitation, and snow height (Table 1).
The EC, water temperature, and water pressure were measured at the karst spring online and near‐real time
through a data collection system called GEALOG‐S from Logotronic (Vienna, Austria). Discharges were
calculated from the water pressures and available rating curves. Turbidity and the SAC was measured via the
spectro::lyser (V2), which is a spectrometer for online water quality monitoring. The spectrometer uses UV‐
visible‐spectroscopy for measuring the intensity of light that is transmitted through an in situ sample, along
with a reference measurement of the surrounding light for calibration. Multiple variables can be measured with
the spectrometer through transmitting light beams with different wavelengths. For more details on the mea-
surement of discharges and physicochemical variables, we refer to Farnleitner et al. (2005). For more details on
UV‐visible‐spectroscopy, we refer to van den Broeke et al. (2008). The physicochemical variables are well
established for karst systems. They were found to correlate moderately with discharge at LKAS2 (correlation
coefficients of − 0.70 for EC, 0.67 for turbidity, and 0.66 for SAC, p‐value < 0.05, Reischer et al., 2008), but also
in other karst catchments (e.g., Chang et al., 2022). Meteorological variables were available from two stations in
the catchment area at altitudes of 1,350 and 1,520 m a.s.l. All data was available from 2012 to 2019 at hourly
timesteps. The percentage of missing values per variable was 3.6% for Q, 3.6% for WT, 3.1% for EC, 0.2% for
SAC, 0.2% for turb, 0.4% for rain1, 0.7% for AT1, 0.3% for snow1, 1.3% for rain2, 0.1% for AT2, and 0% for
snow2 (for notations, see Table 1).

Aubach. The Aubach spring is located at the northern edge of the Alps in Western Austria. It drains the Got-
tesacker plateau along with multiple other springs. The Aubach spring is located at 1,080 m a.s.l. The highest
point in the catchment is at 2,033 m a.s.l. The plateau predominantly consists of bare karst. Almost the entire

Table 1
Notation and Units for the Online Near‐Real Time Data Used in the Experiments

Feature Abbreviation Feature class Unit

Discharge Q Hydrological m3/s

Precipitation station 1 rain1 Meteorological mm/hr

Precipitation station 2 rain2 Meteorological mm/hr

Air temperature station 1 AT1 Meteorological °C

Air temperature station 2 AT2 Meteorological °C

Snow height station 1 snow1 Meteorological cm

Snow height station 2 snow2 Meteorological cm

Turbidity turb Physicochem FTU

Electrical conductivity EC Physicochem S/m

Spectral absorption coefficient at 254 nm SAC Physicochem 1/cm

Water temperature WT Physicochem °C

Encoded “day within the year” day Numerical –

Encoded “month within the year” mth Numerical –
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plateau is a single karrenfield. The dominant rock type is highly karstified limestone, called Schrattenkalk with a
thickness of approximately 100 m. The underlying confining layer consists of sequences of mudrock, marl, and
limestone (“Drusbergschichten”). The catchment is traversed by many faults and fractures. The tectonic
disruption of the Schrattenkalk is the reason for the extreme karstification. In addition to karrenfields, dolines, and
ponors are frequent features. The Aubach spring has multiple openings. At higher discharges the more elevated
springs become active. The spring is intermittend with completely dry periods in winter (Goldscheider, 2005).
The average and maximum discharges are 876 and 10,693 l/s (2012–2019), respectively, demonstrating strong
dynamics. More details about the Aubach spring and the Gottesacker karst systems can be found in Gold-
scheider (2005). To simulate discharges of the Aubach spring we used spring discharge, rainfall, snow height, EC,
and water temperature as input. For the Aubach spring the percentage of missing values was 2.8% for Q, 0% for
rainfall, 0% for snow height, 13% for EC, and 14.5% for WT (for notations see Table 1).

Ursprung. The Ursprung spring is also located in the Northern Alps in Western Austria 57 km away from the
Aubach spring. It drains the Mieming mountain range in the South. This mountain range is built of Wetterstein
limestone. The Ursprung spring is located at 1,590 m a.s.l. The highest point in the catchment is at 2,768 m a.s.l.
The average discharge is 117 l/s, and the ratio Qmax/Qmin is 21, which shows that the Ursprung spring is the least
dynamic one of the three studied springs. The hydrogeology of the catchment area has not been studied and thus
limited information is available. The tectonics of the Mieming mountains are investigated in Ortner and
Kilian (2022). For the Ursprung spring, the same variables as for the Aubach spring were available as input and
the percentage of missing values was 0.5% for Q and 0% for rainfall, snow height, EC and WT (for notations, see
Table 1). The data gaps were filled through linear interpolation for all springs and variables. A topographical map
of the springs is shown in Figure 1.

The model input variables are defined here as “features.” Multiple features can be created from one variable, for
example, by calculating lagged versions of the variable. To account for seasonal effects, we implemented
additional features representing the temporal information for the models. Please refer to Section 2.4.1 for more
details, such as on the description of the features “day within a year” and “month within a year.”

We separated the data into three chronological time periods in order to tune our models without using the data set
for final testing. The training data set has a range of five years (2012–2017), and the validation (2017–2018) and
test data set (2018–2019) have a range of one year each.

Figure 1. Topographical map of the three investigated Austrian alpine springs LKAS2, Ursprung spring and Aubach spring including the weather stations (WS 1–4).
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The seasons were defined according to the meteorological seasons on the Northern Hemisphere, that is, with
spring beginning on March 1, summer on June 1, autumn on September 1, and winter on December 1. In the
catchment there is no permanent snow cover, as also shown at the meteorological station 2 (Figure 2). The highest
discharges generally occur during the snowmelt period in spring. Most of the rainfall occurs in summer and
autumn. Figure 2 further shows that turbidity and SAC peaks are related to discharge peaks. On average the
temporal shifts between turbidity and discharge peaks are 11± 10 hr and between SAK and discharge they are 27
± 5 hr, differing for each event, based on the data between 2012 and 2019.

2.2. Deep Learning and Baseline Models

Artificial neural networks (ANNs) are mathematical models that are inspired by biological neural networks in
human brains (Müller et al., 1995). ANNs consist of neurons that are connected through weighted links, similar to
axons. In those networks, layers consisting of neurons are created. The first layer is the input layer, which inserts
data into the network. It is followed by a variable number of hidden layers. In each of the hidden layers, neurons
are connected to the neurons in the layer before and after. Finally, the output layer is shaped according to the
desired task. A specialized form of ANN are RNN, which feed their output back as input, allowing them to work
with sequences of arbitrary length. They are commonly used in time series modeling (Coulibaly et al., 2001).

Figure 2. Normalized data from LKAS2 for 2014 (see Table 1 for feature notations and units).
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Neural networks are trained for specific tasks through learning to detect
patterns from a large amount of input data. Usually, a data set is iterated over
multiple times during training, which is described by the number of epochs.
The training itself is done through so‐called “backpropagation,” a process
where the error between predicted and measured output is propagated back
through the layers, and weights are updated. Weights that contributed most to
the error are changed the most. For a detailed introduction to neural networks,
we refer to Calin (2020) and Lee et al. (2021).

2.2.1. Transformer

Transformers are neural networks for sequence‐to‐sequence modeling, orig-
inally implemented for natural language processing. Transformers process
information globally over the input sequence, as opposed to sequentially, as in
the case of RNNs. Thus, the vanishing information problem is not present in
this architecture and parallel computation can be used to increase training
speed. To learn relevant information from the input sequences, an attention
mechanism is applied, which we will explain in the paragraph titled “Scaled
dot‐product attention.”

The Transformer was constructed according to Vaswani et al. (2017). In
preliminary tests, we compared an encoder‐decoder structure with an
encoder‐only/decoder‐only structure for our karst discharge forecasting data
set and found that the encoder‐only architecture worked best for our problem.
For this reason only the encode block of the original Transformer is used and
depicted in Figure 3. We will now explain the implemented Transformer
structure using the notation from Vaswani et al. (2017).

Input Embedding and Positional Encoding. In its original application for
text data, Transformer embeddings were introduced to transform words to
high‐dimensional vectors. In our case, we have vectors to begin with. Despite

of this, we used a dense layer for embedding to increase the dimension of our inputs. Positional encoding,
implemented through sine and cosine functions, gives sequential information to the network and is added to the
embedded data. This is done because the Transformer does not process each input step in the input window
sequentially but pays attention to selected parts of the sequence. This allows the Transformer to obtain information
about the temporal order of the input sequence.

Scaled Dot‐Product Attention. The idea behind attention is to allow the model to calculate the importance of
each of the steps in the input window for the current output. The input for the “scaled dot‐product attention”
consists of vectors called keys, queries (dimension dk), and values. The dot product of the query with each of the
keys is calculated to produce information about the respective relations. The result is scaled by 1/

̅̅̅̅̅
dk

√
and

Softmax (normalized exponential function) is applied, which transforms the result into a [0,1] interval. The
scaling is incorporated to prevent non‐useful Softmax results, that could occur from a large dot product. Finally,
we multiply the result with the value vector. Thus, we receive an attention vector that includes information about
the relations between different samples. In practice, the queries, keys and values are stacked into matrices Q, K,
and V, and the scaled‐dot product output accounts to

Attention(Q,K,V) = Softmax(
QKT
̅̅̅̅̅
dk

√ ) V

Multi‐Head Attention.Multi‐head attention refers to computing the scaled dot‐product attention multiple times
with different K, Q, and V dimensions. The results are concatenated and projected through a linear layer. This
mechanism provides more attention information than compared to only using a single attention head.

Residual Connections and Layer Normalization. Residual connections are shortcuts in the model where the
information can skip certain blocks. In the gray encoder block in Figure 3, the black arrows that skip blocks are

Figure 3. Transformer architecture with encoder, adapted from Vaswani
et al. (2017).
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residual connections. This reduces information losses throughout the network. Next, layer normalization is
performed. This means that for every sample the mean and standard deviations of the output of the previous layer
are calculated and used to normalize the output, which is then fed into the next layer.

Convolutional Layers and Model Output. Following the multi‐head attention and normalization, two one
dimensional convolutional layers are applied. They combine information for each input window step of the
previous block through learned convolutional kernels. Again, residual connections are used to maintain ideal
information flow. Dropout layers are both placed in the multi‐head attention block, the convolutional block as
well as the final dense block, which provides the hourly model output.

2.2.2. Long Short‐Term Memory (LSTM) Neural Network

The LSTM by Hochreiter and Schmidhuber (1997) aims to reduce the vanishing information problem of con-
ventional RNN by using the concept of a cell state that is updated and acts as memory storage. Furthermore, gates
are introduced that help to add and remove information from the cell state. Each LSTM cell has three gates that
control the information flow through the network: the forget gate ft, the input gate it, and the output gate ot.

An overview of the structure of an LSTM cell is given in Figure 4. The black arrows depict the data flow through
the network. The joining lines indicate concatenation and splitting of lines indicates duplication. As an example
for concatenation, the input xt and hidden state ht− 1 are stacked [ht− 1,xt] and flow into the forget gate ft (Althoff
et al., 2021).

Note that one LSTM layer consists of only one LSTM cell, where the cell and hidden state (ct and ht) are
recurrently fed back into the cell, as can be seen in Figure 4. During training, its set of weight matrices
(Wi,Wf ,Wc̃,Wo), bias vectors (bi,bf ,bc̃,bo), cell state ct and hidden state ht are updated at each time step of the
input sequence. During inference, only the cell state ct the hidden state ht are changed. The dimension of the
hidden state, which is equivalent to the dimension of the cell state, is a hyperparameter that can be chosen for
each LSTM layer. It can be interpreted as the model's memory size. Note that the length of the input sequence
has no influence on the number of parameters within an LSTM layer. For more details we refer to Althoff
et al. (2021) and Hochreiter and Schmidhuber (1997). Both the LSTM and Transformer implemented in this
study are designed for time series modeling. Their architecture, including the cell state of the LSTM and the
attention mechanism of the Transformer are used to capture temporal dependencies within the dynamic karst
system. Through the feature selection, the testing of input sequence lengths and frequencies, the models are
refined to simulate the karst discharge. Finally, through extensive hyperparameter tuning, the optimal number of
layers, units, dropout rate are found to effectively learn the connections between features and the karst spring
discharge.

2.2.3. Baseline Model

We chose a common baseline model for comparison of the Transformer and LSTM results. The simple moving
average method uses the mean discharge data over the input sample window for forecasting the 96 hr of the output
window.

Figure 4. Long Short‐Term Memory structure, xt describes the input and ht the hidden state, which is equal to the output at time t, adapted from Althoff et al. (2021).
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2.3. Experimental Setup

We implemented two different scenarios for modeling discharge using the Transformer and LSTM. For scenario
Q+, we used the historical discharge, along with additional input features to forecast discharge. For scenario noQ,
we excluded discharge from the input features. We performed a feature selection to obtain the optimal, (addi-
tional) features (Section 2.4.1). The model hyperparameters were then tuned (Section 2.4.2). For evaluating the
model performances, we used the predictions on the test data set (Section 2.5).

2.3.1. Metrics

Model performance was measured by the following metrics, where N indicated the number of samples, Qt
obs

referred to the observed discharge at time t, Qt
mod indicated the simulated discharge at time t, and Qavgobs repre-

sented the average observed discharge. The NSE (Nash & Sutcliffe, 1970) is defined as

NSE = 1 −
∑
N

t=1
(Qt

obs − Qt
mod )

2

∑
N

t=1
(Qt

obs − Qavgobs )
2

and is a measure of the ratio between the Mean Square Error (MSE) and the variance. The range of the NSE is
from − ∞ to one, and a value of one indicates optimal model performance. The MAE returns the mean of the
absolute difference between the observed and simulated data over all samples.

MAE =
1
N
∑
N

t=1

⃒
⃒Qt

obs − Qt
mod

⃒
⃒

Similarly, the RMSE is the root over the mean of the squared differences between observed and simulated data.
The MAE and RMSE are scale‐dependent measures and the RMSE is more sensitive to outliers. Both metrics
range from 0 and ∞, and smaller values indicate good performance.

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑
N

t=1
(Qt

obs − Qt
mod )

2

√
√
√

The sMAPE measures the model accuracy as percentage. The symmetry was included because the MAPE, which
is similar to MAE but divides each subtraction in the sum by the absolute value of the observed value, has a bias
towards larger values (Armstrong, 1985).

sMAPE =
100
N

∑
N

t=1

|Qt
obs − Qt

mod |

( |Qt
obs | + |Q

t
mod

⃒
⃒)/2

For evaluating the performance of the uncertainty intervals, we used the metric Percentage Of Coverage (POC) of
observations within the prediction interval (Althoff et al., 2021; Zhang et al., 2009), counting how often the
observed value lays in the prediction interval and returning the percentage of this count. The POC is defined as

POC =
∑
N

t=1
I(Qt

obs ∈ [qt,low,qt,up])

N
,

where I is the indicator function and [qt,low,qt,up] is the prediction interval. As an additional metric for evaluating
the model uncertainty, we used the measure of Average Interval Width (AW) (Althoff et al., 2021), defined as
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AW =

∑
N

t=1
(qt,low − qt,up)

N
.

2.4. Data Preprocessing and Model Calibration

2.4.1. Data Preprocessing

First, the training data is normalized per feature to values between 0 and 1. We saved the scaling factors to
perform normalization on the validation and test data during inference on a sample‐by‐sample basis.

For the feature selection, we considered all features shown in Table 1, as well as the snow height difference
between two consecutive time steps. Additionally, lagged meteorological data was used as input features. The
time lag was chosen through maximizing correlations between discharge and lagged meteorological data.

The features “day within a year” (day) and “month within a year” (mth) provide information on the sample date to
the model. The periodic nature was modeled by a cyclical implementation that uniquely characterizes the tem-
poral information with sine and cosine functions. The term “cyclical” indicates that the months are not used as
their respective month number (M) 1–12, because in this case, distances such as that between December and
January would be different from the distance between January and February. For the information “month within a
year” the cyclical encoding is defined as

cos(2πM/12) and sin(2πM/12).

To select the ideal features we used the common method of forward selection as briefly summarized here. We
begin by training different models using only one feature each and evaluate the models, based on the average
sMAPE over lead times of one to 4 days. Next, we test if the best one‐feature model can be improved by adding
another feature. This stepwise process continues until there is no further improvement by adding a new feature.

The feature selection algorithm was performed separately for the scenarios Q+ and noQ for the Transformer and
LSTM and for each spring.

2.4.2. Model Training, Regularization, and Tuning

The models were trained with the state‐of‐the‐art optimization algorithm “Adam.” We selected the MAE as loss
function. The batch size was set to 24 and the epochs were set to 100. Early stopping was implemented as a
regularization measure, which stops the training if there is no improvement over a certain number of epochs. This
threshold is called “patience” and was set to five after experimental trials. Dropout was also used for regulari-
zation and uncertainty quantification (Section 2.5.1). A comparison of a Transformer with and without dropout is
shown in the Figure S7 in Supporting Information S1 highlighting the need for dropout for regularization.

For tuning, we used the hyperband algorithm implemented by KerasTuner from the open‐source deep learning
library, Keras. For the LSTM, we considered the number of layers, the number of units within these layers, the
dropout rate, and the recurrent dropout rate as hyperparameters during tuning. For the Transformer, we considered
the head size, the number of attention heads, the number of convolution filters, the number of encoder blocks, the
dropout rate, the number of units in the final dense layer (dense units) and their dropout rate (dense dropout) as
hyperparameters for tuning.

2.5. Model Comparison and Uncertainty Evaluation

2.5.1. Monte Carlo (MC) Dropout

MC dropout, or dropout ensemble, is a technique for obtaining prediction intervals as model output, as opposed to
point estimates. Dropout is a technique to avoid overfitting. It operates by randomly deactivating (dropping) a
certain percentage of neurons (the dropout rate) during training. Thus, the network becomes more robust, and
improved regularization and model performances have been documented (Srivastava et al., 2014). In the past,
dropout was only used during training; thus, for inference, all neurons in the network were active. MC dropout
refers to dropout being active at the inference state as well. This leads to an interval estimate, also referred to as
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“sister” forecasts when the forecasts are run multiple times, as opposed to a point estimate obtained with the
standard dropout technique (Althoff et al., 2021). The model generates different forecasts for the same samples,
because at each run different neurons are deactivated through random dropout sampling. Gal and Ghahra-
mani (2016) showed that dropout in neural networks can be interpreted as a Bayesian approximation of a Gaussian
process. The mean resulting from MC dropout samples is defined as the forecast, and the standard deviation as a
measure of the uncertainty of the prediction.

2.5.2. Model Comparison

For each of the four models (Transformer Q+, LSTM Q+, Transformer noQ, LSTM noQ), 100 forecasting runs
were performed for every sample in the test set. The resulting prediction intervals were used to quantify and
compare the model performances and uncertainties.

2.5.3. Final Prediction Intervals and Uncertainty Evaluation for Q+ Scenario

Please note that for the evaluation of the model uncertainties a comparison of the standard deviations is not
meaningful because these are related to the dropout rate, that is, a higher dropout rate leads to a larger standard
deviation. Using the same dropout rate for all models generally allows a better comparison of the standard de-
viations (Althoff et al., 2021). In our case, however, the models strongly differed in their structure, one being an
RNN and the other one being an attention‐based model; thus, the model tuning resulted in different dropout rates.
Setting all dropout rates to the same setting would decrease the individual model performance. We therefore
decided to tune our models by including the dropout rate as hyperparameter, and develop a further process to
ensure comparability.

For that, we scaled the prediction interval over the entire length of the validation data set, to obtain 80% POC on
average, which was our selected optimization objective. This was done separately for the Transformer and the
LSTM.We saved the scaling factors obtained from the validation data set to perform the uncertainty evaluation on
the independent test data set.

2.6. Software

The models were implemented in Python (3.8.8). The software libraries tensorflow (2.8.0), keras (2.8.0), numpy
(1.20.0), pandas (1.2.4), matplotlib (3.3.4), and inkscape (1.2.1) were used to generate all simulations and all
figures, except Figure 1, which was created in QGIS (3.30.1). The code is available upon request.

3. Results
3.1. Different Spring Dynamics

The three chosen springs exhibit a wide spectrum of response times to rainfall events. The Pearson correlation
between discharge and lagged rainfall data shows that the most dynamic spring is the Aubach spring, where the
maximum correlation is found at a 4‐hr lag (Figure S1 in Supporting Information S1). It is followed by the LKAS2
spring with a maximal correlation at 14 hr for the rain2 (13 hr for rain1). Finally, the Ursprung spring is the least
responsive spring with a 33 hr time lag. These results correspond with the information about the spring discharge
dynamics through max/min discharge ratios given in the study area section. The frequency of the model input and
output was set to 1 hour. For LKAS2 we investigated frequencies between 1 hour and 1 day and found that
lowering the frequencies reduces the performances of the models.

3.2. Feature Selection

The feature selection is performed by training the models using fixed hyperparameters, which are listed in the
supplementary A in Supporting Information S1. In Figure 5 the feature selection result is shown on the validation
data, since the test data information must not influence the model calibration in any way and thus the test data was
not used for selecting the features.

For the LKAS2 spring, the feature selection for the Q+ scenario shows that discharge was a strong predictor
and led to a good model performance on its own (Figure 5, top), especially for a lead time of one day. Only the
rainfall data from station 2 improved the models for the Q+ scenario (NSE 2.3%, MAE 4.0%, RMSE 3.5%,

Water Resources Research 10.1029/2022WR032602

PÖLZ ET AL. 10 of 19

 19447973, 2024, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022W

R
032602 by R

eadcube (L
abtiva Inc.), W

iley O
nline L

ibrary on [08/11/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



sMAPE 2.8% improvements for the Transformer, the improvements of the LSTM are comparable). Before
hyperparameter tuning, we received model performances with an sMAPE < 10%, and an NSE > 0.9 for the
one‐day‐ahead forecasts. The errors increased with increasing lead time, since short‐term information was not
available to the models for lead times of 2–4 days. Yet, both models achieved adequate performances for lead
times of up to 4 days, with an sMAPE of <27% (Figure 5, top) and an NSE > 0.65 (results not shown in
Figure).

For the noQ scenario, discharge is not used as input, and the results differ in terms of ideal features (Figure 5,
bottom). The models show a substantially lower performance than in the Q+ scenario. For the noQ scenario
simulations with the Transformer the EC was the strongest predictor, followed by the SAC. The strongest pre-
dictor for the LSTM is the encoded day feature. Air temperature, SAC and the rainfall also aided in improving the
model. We found that some variables such as water temperature, did not improve the model performances even
though they correlated moderately with discharge (r = 0.5–0.7, p < 0.05). On the contrary, air temperature and
rainfall, with weak to no correlation with discharge, improved the results. This can be attributed to the non‐linear
relationship between the variables.

For the scenario Q+ and the Aubach spring the LSTM's selected features are Q and WT, and the Transformer's
features are Q, month andWT. For the Ursprung spring and the LSTMQ and ECwere the optimal features and for
the Transformer Q and WT. For the scenario noQ and the Aubach spring the final best feature combination for
LSTM is day, WT, EC and rainfall. For the Transformer it is EC, day and rainfall. For the Urspung spring and the
LSTM the best features are day, WT, EC and for the Transformer day and rainfall.

Figure 5. Symmetric Mean Absolute Percentage Error for Long Short‐Term Memory feature selection results (right),
Transformer feature selection results (left) for the two scenarios Q+ and noQ for LKAS2.
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3.3. Tuning Results and Model Comparison

The tuning results and ranges for all springs and models are shown in the supplementary section A in Supporting
Information S1. For lead times of one day, the forecasted discharge agreed well with the measured discharge
(Figure 6). During several peaks in December, March, and September, both models overestimated, and during the
snowmelt period, both models underestimated the spring discharge. The predicted discharge peak in January can
be explained by a rainfall event, that did not lead to a measured discharge response, potentially due to the present
snow cover. For lead times of 2–4 days, the model performances gradually deteriorated. There was an increasing
delay in the simulated onset and offset of peaks, as well as increasing errors during spring, with lead times. The
Transformer better predicted the shape of the hydrograph than the LSTM for 2–4 days of lead time. For instance,
the LSTM predicted a downward peak in June 2019, resulting in large errors in contrast to the Transformer.

The results in Table 2 show that a lower spring dynamic is generally associated with a better model performance,
that is, all models performed best for the Ursprung spring, followed by the LKAS2 and Aubach spring. For the
LKAS2 spring and theQ+ scenario the results show that the Transformer performed comparablywell as the LSTM
(<8% difference of NSE, MAE, RMSE, and sMAPE, Table 2). Both models resulted in error values of NSE > 0.9
and sMAPE < 11% for one‐day‐ahead forecasting. The Transformer resulted in 2%–21% better performance than
the baseline model depending on the metric and lead time. For the Aubach spring in the Q+ scenario, the LSTM
performancewas 1%–11%better than the Transformer, and by 8%–87%better than the baselinemodel according to
all metrics. The sMAPE is not given, due to the intermittent spring type resulting in a division by zero. For the
Ursprung spring in the Q+ scenario, the Transformer achieved 1%–25% smaller errors than the LSTM, and 4%–
51% smaller errors than the baseline model according to all metrics. To investigate whether the differences in the

Figure 6. Normalized measured and predicted LKAS2 spring discharges (mean over 100 trials) of the Transformer and Long
Short‐Term Memory for 1–4 days of lead time for Q+ scenario.

Water Resources Research 10.1029/2022WR032602

PÖLZ ET AL. 12 of 19

 19447973, 2024, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022W

R
032602 by R

eadcube (L
abtiva Inc.), W

iley O
nline L

ibrary on [08/11/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



model performances are significant, we performed the Welch's t‐test, which was chosen due to the normally
distributed data with unequal variances. The results show that there is a significant difference between the LSTM
and Transformer model performance for every metric (p < 0.01) for LKAS2, in detail the NSE is significantly
higher for the Transformer and the other metrics are significantly lower for the LSTM. Analogously, a significant
difference was found when investigating the results for the Ursprung and Aubach spring (p < 0.01), that is, all
metrics of the Ursprung spring are significantly better for the Transformer than for the LSTMand vice versa for the
Aubach spring. The discharge forecasting models show an extensive performance difference between the two
scenarios for all springs. In the scenario noQ, the Transformer and LSTMperformancewas 30%–220% poorer than
for the scenario Q+ depending on the metric, lead time and spring.

We also evaluated the forecasts during low flow (lowest 20% of discharge) and high flow (highest 20% of
discharge). The results are similar for the three springs. The errors are smallest for low flows and increase with
flow rate. For the high flow the results are in accordance with the results from the entire subset. We found that for
the Ursprung spring, the LSTM underestimated the high flows, whereas the Transformer's forecasts were better.
In contrast, for the Aubach spring, the LSTM forecasts were better for high flows, where the Transformer
underestimated the discharges. Generally, different models performed best depending on lead time and metric for
the LKAS2 spring. During low flows, where discharge is almost constant, the deep learning models did not show
an advantage over the baseline model. The NSE is mostly higher in the low and high flow than over the entire set,
particularly for the high flows. This is likely due to the fact that the variance in the data set, which is used in the
denominator of the NSE, is higher for the high flow than low flows. Thus, the ratio between the residual variance
and the variance in the data is smaller for the high flows leading to a higher NSE. The low and high flow model
performances, as well as the results for the noQ scenario are given in the Table S4 in Supporting Information S1,
respectively Table S3 in Supporting Information S1.

3.4. Uncertainty Evaluation for Scenario Q+

For the uncertainty evaluation, we selected the scenario Q+, because the model performances were significantly
better than for the noQ scenario, and thus more useful. We created prediction intervals based on the trained model
(Section 2.5.3). We optimized the prediction intervals to achieve 80% of POC for each day of lead time.

Table 2
Performance Metrics for the Tuned Transformers and LSTMs, As Well As for the Baseline Model for Scenarios Q+

Scenario Q+ LKAS 2 Aubach Ursprung

Metrics Transformer LSTM Baseline Transformer LSTM Baseline Transformer LSTM Baseline

1‐day‐ahead NSE 0.92 0.93 0.88 0.63 0.67 0.43 0.99 0.98 0.95

MAE 0.63 0.58 0.80 0.27 0.24 0.42 17.1 22.8 33.4

RMSE 1.30 1.22 1.57 0.64 0.60 0.82 36.2 44.5 73.3

sMAPE 10.8 10.0 13.4 – – – 3.9 4.9 6.2

2‐days‐ahead NSE 0.80 0.80 0.76 0.40 0.43 0.28 0.95 0.94 0.91

MAE 1.16 1.15 1.29 0.38 0.36 0.50 30.7 36.1 45.8

RMSE 2.12 2.12 2.32 0.84 0.82 0.92 71.3 78.2 96.8

sMAPE 19.4 18.9 21.6 – – – 6.2 7.2 8.5

3‐days‐ahead NSE 0.70 0.69 0.67 0.31 0.33 0.19 0.91 0.90 0.87

MAE 1.49 1.50 1.60 0.43 0.42 0.54 42.4 46.7 55.7

RMSE 2.60 2.63 2.72 0.90 0.89 0.97 97.1 101 115

sMAPE 24.9 24.4 26.8 – – – 8.3 9.1 10.4

4‐days‐ahead NSE 0.64 0.62 0.62 0.27 0.28 0.15 0.87 0.86 0.83

MAE 1.71 1.73 1.79 0.46 0.45 0.55 51.2 54.7 63.5

RMSE 2.86 2.92 2.93 0.93 0.92 1.00 115 118 131

sMAPE 28.7 28.2 30.3 – – – 10.0 10.6 11.8

Note. Bold values indicate the best performance metrics per scenario. Units of the errors MAE and RMSE are given in (m3/s)
for the LKAS2 and Aubach spring. For the Ursprung spring the units are given in (m3/hr) due to its small discharge.
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Figure 7 shows the POC and AW of the prediction intervals for the full and seasonal periods. The 80% prediction
intervals show the increase in width with increasing lead time and that the uncertainties are particularly high in
spring and early summer when discharges are high due to snowmelt. For the one to four‐day‐ahead forecasts, we
achieved a POC of 76%–77% for the Transformer and of 74%–78% for the LSTM. The results show comparable
uncertainties for the Transformer and the LSTM throughout the year for lead times of one day. TheAW is generally
large in spring and summer, and smaller in autumn andwinter, in comparison. Reliable prediction intervals and low
model uncertainties, as shown by high POC and small AW values, are mainly achieved in autumn and winter. The
POCandAWof the prediction intervals for theUrsprung andAubach spring show similar results and are visualized
in the Figures S2 andS4 in Supporting Information S1.Moreover, the prediction intervals for lead times of 1–4 days
are shown in the Figures S3, S5, and S6 in Supporting Information S1 for all three springs.

4. Discussion
4.1. Transformer Forecasting Performance for Studied Karst System, Potential Improvements, and
General Applicability

The primary aim of this paper was to evaluate the performance of the Transformer in forecasting karst spring
discharge and how it compares to the LSTM as one of the best performing state‐of‐the‐art deep learning models to
date (Han et al., 2021). The good performance metrics shown in our study supported our hypothesis that the
Transformer is a promising method for forecasting discharges of karst systems. In comparison to the LSTM, we
found slight differences in the performance metrics, depending on the metric and lead time and spring.

Figure 7. Long Short‐Term Memory and Transformer seasonal prediction intervals for scenario Q+ for LKAS2 spring,
evaluated by the percentage of coverage (POC (%)) and average width (AW (‐)) of normalized simulated discharges.
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The model performances (LSTM, Transformer and baseline) overall show that lower spring dynamics are
associated with a higher model performance. This was also shown through a linear regression between the co-
efficient of variation of the discharge, used to quantify the spring dynamic, and the model performance metrics.
We found a strong relationship, albeit weakly significant, likely due to the low sample size (R2: 0.96–0.99, P:
0.05–0.23). Our results indicate that the Transformer seems to have an advantage over the LSTM for karst springs
with longer response times. Therefore, it might perform particularly well also for other hydrological applications
with longer response times to hydrological forcing such as for forecasting groundwater quantity or quality. This
could be due to the Transformer's attention mechanism, which allows incorporating information far back in time.
This advantage is shown particularly for the Ursprung spring, which has the longest response time in our study,
and where the Transformer outperformed the LSTM by 1%–25% (mean difference 9%). While for the LKAS2
spring the model performance of the Transformer was similar to the LSTM (<8% for all metrics, mean difference
3%), the Transformer better predicted the discharge shape during snowmelt. We analyzed the two discharge peaks
at the end of May, where the Transformer's performance was much better than the LSTM's (Figure 6). We found
that these rainfall events lasted approximately one day and that prior to the discharge peak, there were up to
6 hours of no rainfall. The performance difference is thus likely due the Transformer's attention mechanism, that
could link the antecedent rainfall to the discharge increase. In contrast, the LSTM, for which the recent input is
weighted higher than the antecedent due to its architecture, did not forecast a discharge increase. For the highly
dynamic Aubach spring the LSTM outperformed the Transformer by 1%–11% (mean difference 4%). While the
Transformer and the LSTM generally show a similar performance and are suitable for forecasting spring
discharge (mean difference of 5% over all performance metrics and springs) in the Q+ scenario, the Transformer
was previously not recognized as a useful candidate in this field and should be included in the list of ML model
candidates in future studies. Finally, the results of the low and high flow analysis revealed that the best performing
models over the entire year also performed best during high flows. Their high performance in contrast to the
baseline underlines their usefulness for forecasting hydrological extremes.

In the noQ scenario, model performances were 30%–220% poorer depending on the spring, metric and lead time,
showing that the relations of meteorological and water quality data with discharge were not sufficiently well
captured. The performance could be improved for example, by making use of modeled water storages or spatial
information from conceptual rainfall‐runoff models as input.

To discuss the potential model improvements, we use the results of the model uncertainty and its seasonal
variation. During autumn and winter, the LSTM and Transformer for the scenario Q+ produced forecasts with
low uncertainty, as shown by a high POC and a small AW. In contrast during snowmelt in spring, both models did
not perform well. This becomes apparent when visually comparing the simulated and observed hydrographs
(Figure 6), and by the large AW and the low POC of the prediction intervals ranging from 52% to 60% (Figure 7).
The larger AW of the prediction intervals in spring and summer is also likely due to the 2.4–3.1 times higher
standard deviation of the discharge than in winter. Spatially distributed meteorological input features such as from
satellite or radar data could potentially improve the forecast of high discharges in spring. Such data could be used
as input for a convolutional neural network coupled with a Transformer, as CNN using spatial input data were
already successfully applied for forecasting karst spring discharge (Wunsch et al., 2022). Alternatively, the
machine learning models could be coupled with physically based snow models, as demonstrated by Xu
et al. (2022). Moreover, the differences in seasonal model uncertainty could also motivate the implementation of
separate models for different seasons, which would involve a separate feature selection for different seasons. In
this way, the snowmelt information in spring might be learned by the seasonal model and improve the model's
ability to predict discharge more adequately.

4.2. Potential of Input Features for Improving the Spring Discharge Forecasting Performance

The secondary aim of this paper was to explore the potential of various input features for improving the spring
discharge forecasting performance, including hourly meteorological, spring discharge, and water quality data.
The possibility to include physicochemical variables as input variables in deep learning methods is one main
advantage over other hydrological modeling concepts, where this is not possible. The model results indicate that
the selection of the optimum input features depends on the specific on‐site characteristics such as the rock type,
number and location of caves, aquifer structures, and meteorological conditions, and there is no optimum
combination that can be generally applied for karst systems. To interpret the physical meaning of the input feature
selection, we further discuss their relation to karst spring discharge responses. Rainfall impacted the model
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performance in four out of six models in the noQ scenario, suggesting that most models could establish a relation
of rainfall and discharge. For the LKAS2 spring in the Q+ scenario, the precipitation improved the LSTM and the
Transformer performance only to a small extent. Snow, which was tested as input feature for all model combi-
nations did not lead to an improved model performance. This low contribution is likely due to the low repre-
sentativeness of the weather stations for the precipitation in the entire catchment of LKAS2, which was also
confirmed by a hydrological HBV model in this catchment. With regards to snow fall, these are also complex,
long‐term processes that cannot be captured by the models operating on a short time window of hourly input data.
Air temperature (AT2) improved the LSTM noQ model for LKAS2. When evaluating its contribution, we found
that it improved the model particularly in spring (without AT2: NSE 0.24, with AT2: NSE 0.49), which is likely
due to its impact on snowmelt and discharge during this season. While the impact of the meteorological variables
on the karst spring discharges are more obvious due to their forcing characteristics, the impact of physicochemical
parameters on the spring discharges is less clear. At least one physicochemical variable was selected as input
feature for each of the six model constellations in the noQ scenario. The SAC was a major contributor to both
models in the noQ scenario for LKAS2, underlining its strong relation to discharge. The SAC is a proxy‐indicator
for dissolved organic substances in water. Particularly, humic substances found in soil can be measured via
spectroscopy at this wavelength (Stadler et al., 2010). The organic substances in spring water are mostly surface‐
associated, and generally increase during events, which explains its strong impact on the modeled discharge. The
turbidity relates to the number of suspended solids in water. Depending on the velocity of the internal streams,
these particles can settle and build up sediments inside the caves or remain suspended in the aquifer. During
events these sediments can be resuspended in the aquifer. The relation between turbidity and discharge thus
depends on the flow velocities of internal streams and the time between the events, which might explain why the
turbidity was not a good predictor variable. The EC of the water is mainly determined by the dissolution of ions
forming carbonate rock and the dilution of the dissolved ions with rainwater. EC has generally such a strong
correlation with discharge, that it can be used as proxy for discharge, as shown for example, by Chang et al. (2022)
for a small karst catchment in China (Chang et al., 2022). In our study it improved four of the six models in the
noQ scenario when used as input feature, particularly for the Aubach spring which has a short response time.
Finally, water temperature also improved two of the six models in the noQ scenario, in particular at the Aubach
spring, where the water temperature dropped quickly during snowmelt. Generally, the more dynamic Aubach
spring exhibits wider water temperature ranges (4°C) than the LKAS2 (0.8°C) and the Ursprung spring (0.4°C).
An inverse relation between water temperature and discharge and a positive relation between EC and water
temperature was also found for example, in the Jadro karst spring in Croatia (Bonacci & Roje‐Bonacci, 2023).

Our experiments with meteorological features shifted in time did not result in improved model performances. A
reason for this could be our evaluation method. As we averaged the model performances over lead times of one to
4 days during model optimization, it is possible that the shift improved the model for a lead time of one day but
decreased the performance for two to 4 days of lead time. In future studies, one could thus reevaluate the shifting
experiment on a daily basis and adapt the modeling process to create x models for one to x day lead times. The
feature selection and shifts could thus be individually optimized for each day of lead time to improve the per-
formance of the respective models.

4.3. Implications for Water Management

Discharge forecasts are essential for water supply management to achieve an optimal mix of potable water from
different karst springs and an optimal distribution in the urban water infrastructure. The Transformer and LSTM
performed very well for one‐day‐ahead forecasts and performed acceptable for up to 3 days of lead time, based on
the performance metrics and the targeted forecasting horizon communicated by local water authorities. The re-
quirements may differ from site to site, as for different water infrastructures the storage space, and the population
size and density differ. Based on our results, we generally recommend including the discharges as input features
for data‐driven forecasting models. For the case when there are gaps in discharge observations, however, we
showed that a large variety of online physicochemical and meteorological features is of great advantage to obtain
useful forecasts. To ensure robust forecasts of spring discharges, continuous measurements of various water
quality and meteorological features are thus advantageous to support water management. Both the LSTM and
Transformer provide reliable forecasts of spring discharges during winter and autumn even for lead times up to
4 days according to our simulations. Future research is needed for improving the spring discharge forecasts during
snow melting periods.
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5. Conclusion
In this paper, we tested for the first time the Transformer for forecasting the discharges of karst springs, which are
important drinking water resources worldwide. As test cases we used three karst springs in Austria covering a
wide range of hydrological and hydrogeological conditions. The generated spring discharge forecasting models
were built on an extensive, high‐frequency data set of hydrological, meteorological, and water quality features.

The Transformer showed generally a high performance in forecasting karst discharges. It outperformed the state‐
of‐the‐art LSTM for the low dynamic Urspung spring with a long response time (9% better performance metrics,
NSE ranging from 0.87 to 0.99, and sMAPE from 3.9% to 10% for lead times of 1–4 days). Otherwise, the
Transformer performed comparably well to the LSTM for the LKAS2 spring with a medium response time (NSE
from 0.64 to 0.92 and sMAPE from 10.8% to 28.7% for lead times of 1–4 days). In spring, however we found
multiple long rainfall events, for which only the Transformer was able to forecast the discharge response, likely
due to its attention mechanism. Only for the highly dynamic Aubach spring with a short response time the LSTM
outperformed the Transformer (4% better performance metrics, NSE from 0.28 to 0.67). The model uncertainties
were lowest in winter and autumn according to the analysis of the prediction intervals (POC, AW). The best
forecasting performance was achieved when including the spring discharge as an input variable (scenario Q+).
The performance was 30%–220% poorer when using solely meteorological and water quality features (scenario
noQ). The study showed that the Transformer is a promising deep learning approach to forecast karst spring
discharge with distinct advantages compared to the LSTM and should thus be considered as a potential candidate
in future model comparisons.

Data Availability Statement
The LKAS2 data supporting this research was provided by local authorities. The data are under restrictions that
include a required NDA, and are not accessible to the public or research community because the area belongs to a
water supply region in Austria. The data for the Aubach and Ursprung spring was provided by the Federal
Ministry of the Republic of Austria for Water Management—Department of Water Balance (data status July
2023).
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