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Abstract—In this paper, we attempt to provide a data driven
approach for modelling discharge rates in a groundwater-fed
spring emanating from the Grootfontein dolomite aquifer, within
the North West province. While application of neural networks
for discharge prediction in general has been investigated by
many authors, in this paper, we employ several neural network
architectures using different feature sets to select the most
prominent feature set and neural network model in the prediction
of discharge rates from the Grootfontein aquifer. Three different
neural networks were tested including Long-short Term Memory,
Gated Recurrent Unit and Feed Forward Neural network. The
results show that by including groundwater levels, all networks
significantly improved in their performance as compared to without, recording lowest MAE score of 0.046 (m3/s) and 0.219 (m3/s)
respectively. The results from this paper infer that recurrent
neural networks are promising tools for predicting discharge
rates in the study area. Furthermore, the paper also infers that
groundwater levels can be successfully applied to predict the
discharge rates of groundwater-fed springs, generate discharge
data or patch missing discharge data in the compartment as long
as we have key groundwater levels and a weather station nearby.
Due to the lack of spring discharge monitoring in many areas
of South Africa, this kind of methodology could become a useful
tool in water resource management and also supporting water
agencies to face drought issues specifically in karst regions.
Index Terms—machine learning, discharge rates, groundwater
levels, time-series prediction

I. I NTRODUCTION
Roughly 20-25% of the world’s population depends on
groundwater obtained from karstic aquifers [1]. Karst aquifers
are a special type of fractured rock in which the water present
in the fractures dissolves the rock and significantly increases
the fractures into passages that carry groundwater flow [1]. The
Grootfontein aquifer is a karstic aquifer found in the North
West province of South Africa that supplies about 20% of

Mahikeng’s domestic water supply. Springs emanating from
the Grootfonetin compartment are important sources of water
as a significant amount of the population in the Mafikeng and
other surrounding areas heavily depend on water obtained from
these karst springs. The Molopo Eye near Mafikeng (depicted
in Figure 1 and also the focus of this study) is an important
source of water as it not only feeds into the Molopo River but
is also a source of drinking water for the surrounding rural
communities [2]. However, there is not enough information
on temporal patterns of spring discharge from the surrounding
gauge stations. Furthermore, the dolomite compartment is
also subject to significant abstraction of groundwater mainly
for irrigation purposes [2]. The Grootfontein Eye which was
another spring that was located in the compartment dried
up during 1981, which has been attributed to significant
abstraction resulting in a decline of groundwater levels in the
compartment [2].
In this context, it becomes essential to accurately predict
discharge from the compartment so that water resources can
be managed more effectively. Groundwater systems, continually adjust to changes in weather (i.e. precipitation and
temperature) and groundwater withdraws among other factors.
Understanding how these different factors influence recharge
(through precipitation), groundwater levels and therefore discharge, is key to the sustainable management of water resources.
The Grootfontein aquifer, was selected as the focus of this
study as it is one of the most heavily used aquifers in South
Africa. Temporal data including temperature, precipitation,
groundwater levels and licensed regional abstraction were used
as model inputs and natural groundwater discharge from the
Molopo spring as the model output. Two scenarios were also

key groundwater levels and a weather station nearby.
This document is structured as follows: Section II will discuss the contributions in the domain of hydrology in predicting
discharge rates; Section III will describe the data obtained, preprocessing techniques, and choice of models chosen; Section
IV will outline and discuss study findings and Section V will
conclude the paper while also offering recommendations for
future work.
II. R ELATED W ORK

Fig. 1: Grootfontein/ Molopo GMA location map
tested to identify the best scenario for prediction of discharge
rates. R-squared (R2 ) and Mean absolute error (MAE) were
used as model evaluation metrics. Furthermore, feature analysis was also performed to select the appropriate feature set
by quantifying the relationship between the different features
in relation to discharge.
In South Africa, there is a limited body of literature in
forecasting of discharge using machine learning models. This
could be due to the fact that there are limited gauge stations
recording discharge data hence data is also very limited (i.e.
no data at specific locations or very little data). The objectives
of this study is therefore to determine the primary factors
governing spring discharge patterns using mutual information
(MI) and to develop a model that can be used to forecast future
discharge rates in the compartment and other surrounding
areas. Different neural network architectures were trained and
tested to find an optimized model for discharge prediction in
the compartment. Numerous studies have produced satisfactory results for discharge prediction using neural networks;
however, the way to take into account the various temporal
behaviors of the groundwater levels in the surrounding area
is not well apprehended and necessitates are more into using
weather parameters and past discharge rates as inputs. This
study therefore also proposes the use of groundwater levels to
not only predict discharge data but to generate spring discharge
were there are insufficient records in an area.
The results from this study show that by including previous
groundwater levels, all networks significantly improved in
their performance as compared to without, recording lowest
MAE score of 0.046 (m3/s) and 0.219 (m3/s) respectively. The
results of model comparison during the testing phase reveal
that the recurrent neural networks have several advantages as
they outperform the feedforward network for both scenarios.
The results presented in this paper infer that RNNs are
promising tools for predicting discharge rates in the study
area. Furthermore, the paper also infers that groundwater levels
can be successfully applied to predict discharge rates and/or
generate discharge data in the compartment as long as we have

Artificial Neural Networks (ANNs) were first developed by
McCulloch and Pitts in 1943. ANNs are one of the most wellknown machine learning algorithms inspired by the architecture of how the human brain processes information [3]. This
allows the model to capture and represent input and output
relationships whether linear or nonlinear. Artificial neural
networks have been widely used for time series forecasting
[4]. The networks are able to discover relations and derive
parameters that are shaped and driven solely by the nature of
the data [5].
Recurrent neural networks (RNN) and feedforward neural
networks (FFNN) have been the most widely used neural
network architectures when it comes to modelling groundwater systems [3], [6]. [7] used a previous discharge rates
to forecast discharge rates for single step ahead and multiple
step ahead using both feed forward neural network (FFNN)
and recurrent neural network (RNN). [8] used a FFNN to
forecast stream flow using rainfall, temperature and weekly
stream flow as inputs. [9] developed a FFNN model to simulate
spring discharge in karst aquifer using precipitation as model
input. [10] used an FFNN and simulated daily discharge (over
2.5year period) of two springs lying in a karstic environment
using daily rainfall and discharge values as input. [11] used
a LSTM model (among other models) to simulate spring
discharge. Several other studies have been done using ANN’s
in hydrology including groundwater prediction [12], flood
prediction [13], [14] and run-off prediction [15], [16] among
several others. All these researchers have demonstrated the
predictive capability of using ANNs to forecast hydrological
events using different sets of inputs.
III. M ETHODOLOGY
The spring discharge at Molopo is considered to be hydraulically connected to groundwater across the Grootfontein
compartment. Therefore, characteristics of the feature sets
which may influence model prediction were also of interest.
As a result, two different combinations of input data sets
were chosen for the study. In the first scenario the dataset
consisted of 16 input features (13 groundwater levels, precipitation, temperature and regional abstraction) and in the second
scenario the dataset consisted of 3 input features (precipitation,
temperature and regional abstraction). Factor analysis was
performed to rate the contribution of each feature to predict the
discharge rates. Three different machine learning models are
trained to predict the discharge spring at the Molopo station.

Root mean squared error, mean absolute error and r-squared
were used to gauge model performance.
This section is structured as follows: Section III-A will
describe the area under study; Section III-B will describe data
collection and pre-processing steps taken; Section III-C outlines the feature selection method employed in the study; and
Section III-D will provide brief descriptions of the machine
learning algorithms and evaluation metrics used in this study.
A. Study Area
The Grootfontein compartment falls within Quaternary
drainage D41A. The course of the Molopo River cuts across
the compartment as shown in Figure 1. Monthly historical
data from gauge station D4H014 was sourced from the DWS.
The gauge station is located at Molopo eye, which is the
source of the Molopo River (see Figure 1). The Grootfontein
eye is located more centrally in the Grootfontein compartment. However, the spring discharge from the eye dried in
1981; which Cobbing (2018) attributed to the drilling of
the Grootfontein wellfield boreholes in the vicinity of the
spring, and to agricultural abstraction. The spring discharge at
Molopo is also considered (somewhat) hydraulically connected
to groundwater across the Molopo/ Grootfontein GMA, and is
therefore used as a representation of long-term groundwater
discharge from the GMA. Further details of the Grootfontein
site can be found in [2]. Figure 1 shows the location of
the discharge station in relation to the weather stations, the
Grootfontein wellfield and the Molopo river.
B. Data Collection and Pre-processing
Monthly groundwater level data (measured in meters) was
obtained from Department of water and Sanitation (DWS) for
51 boreholes within the study area. Some boreholes had data
for a very short period and others had more than 70% missing
data hence it was necessary to filter the boreholes to select
those that would give the most meaningful data. Boreholes
with less than 20% missing data and with time series data
above 10 years were selected for this study. A total of 27
boreholes met these requirements.
Climate data, namely precipitation (measured in mm) and
temperature data (measured in degrees celsius) were also used.
Data for both parameters was obtained from the South African
Weather Service (SAWS). Three weather stations surround the
compartment; one within the Mafikeng region (North West of
the compartment), one in Marico (North of the compartment),
and another in Litchenburg (South of the compartment). The
location of each station is shown in Figure 1. The three stations
were selected due to the availability of longer historical data
and their positions relative to the compartment boundaries to
provide an indication of the rainfall and temperature variability
across the compartment. A time series of monthly temperature
and rainfall was compiled by averaging data from the three
stations. As evidenced in Figure 2, there exists a time lag
between rainfall and discharge. Hydrogeologically a time lag
is to be expected between rainfall and discharge [17] hence
accounting for this lag could potentially increase the model’s

ability to pick up the influence of rainfall on discharge. Cross
correlation was therefore performed to determine the optimal
time lag between the 2 variables. The optimum time lag
between the 2 variables was found to be 2 months.
Groundwater usage data (also referred to as abstraction data)
was received from the Water Authorization and Registration
Management System (WARMS). However, several challenges
can be faced with the obtained abstraction dataset. In addition to the challenge of determining actual water use rather
than registered use there are other known inaccuracies with
the WARMS dataset including incomplete entries, inaccurate
coordinates and duplicate entries. Furthermore, the registrations may be under-estimates for the purposes of securing
a license or over-estimate in an attempt to secure a supply.
Moreover, several users may not be registered (i.e. unlicensed
abstraction). Duplicates in the dataset were corrected and
registrations with missing registered volume amounts were
discarded. Following this process, the cumulative registered
abstraction within the Molopo/Grootfontein GMA boundary
totals 22 244 565 m3 /a.
The aforementioned features could have a major influence
in predicting discharge rates hence the were selected for this
case study.
C. Feature Analysis
Generally, input parameters are not equally informative in
predicting the target variable. This is due to some parameters
being too noisy, correlated or having very little significance in
relation to target variable.
To quantify the influence of each of the input variables
against the target variable, feature analysis was performed.
Using MI, the study quantified the relationship between each
input variable and the target variable. MI is a statistical method
that is used to measure the degree of relatedness between
variables [18]. If X and y exhibit mutual dependence then MI
will be greater than zero irrespective of how nonlinear that
dependence is. Hence the stronger the relatedness the higher
the MI value.
D. Regression and Evaluation
The brain can memorize, learn, recognize patterns and yet
still generalize in a wide variety of circumstances. The ability
of the brain to do this was the driving factor behind the development of neural networks which attempt to mimic biological
neural systems [19]. As evidenced in the aforementioned
sections, neural networks have been widely applied for water
resources prediction. Using data described in subsection III-B
this study attempted to predict discharge from the Molopo
spring using different ANNs namely: FFNN, LSTM and GRU.
a) LSTM: An LSTM model is a type of recurrent neural
network (RNN). RNNs take two sources of input to determine
how it responds to new data. The model combines the current
input example it sees (the present) and the previously computed output (the past) [14]. RNNs can be distinguished from
FFNNs by this feedback loop that connects their present to
their past decisions. Therefore an event downstream in time

Fig. 2: Hydrographs of four groundwater monitoring stations in relation to (a) precipitation and (b) groundwater levels.
depends upon, and is a function of one or more events that
came before. LSTMs are a special kind of RNN, capable of
learning long-term dependencies and remembering information for prolonged periods of time as a default. Further details
of the model can be found in [14].
b) GRU: GRU is another type of RNN that is closely
related to the LSTM. Unlike the LSTM model which has
3 gates (input gate, a forget gate, and an output gate) the
GRU only has 2 gates (a reset gate and an update gate) [20].
Although LSTM gives more controlability, GRU has proved to
be less complex and significantly faster to train and execute.
Hence the model was selected for this case study. Further
details of the model can be found in [20].
c) Multi-layer Perceptron: The multilayer feedforward
neural network trained with the backpropagation algorithm
was used. A typical multilayer feedforward neural network
contains an input layer, one or more hidden layers and an
output layer. Information in the network flows from left to
right through connections called nodes. Therefore, nodes in
one layer are connected to those in the next but not to those
in the same layer. Further details of the model can be found
in [21].
All models were trained using 10-fold cross validation
E. Evaluation Metrics
Building a robust machine learning model is based on the
principle of constructive feedback. Firstly, a machine learning
model is built, then model performance is evaluated using
a set of metrics and based on the feedback received from
the metrics, improvements are made to the model until a
desired accuracy is achieved [19]. The performance of machine
learning models is defined by how well the models can map
the input space to the output space and how well the models
can generalize to new points that were previously not seen
during training [19]. For this study, models were evaluated
using two metrics, namely: mean absolute error (MAE) and rsquared (R2 ). MAE measures the average magnitude of the
errors without considering their direction. It calculates the
averages of the absolute differences between prediction and
actual observation where all individual differences have equal
weight [19]. MAE is a good measure of error that can serve as
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Feature

Entropy

Feature

Entropy

D4N0117
D4N0130
D4N0066
D4N0065
D4N0037
D4N0111
D4N0139
D4N0140

0.541
0.567
0.631
0.659
0.733
0.772
0.588
0.710

2525DD00044
D4N0053
D4N0115
D4N0108
D4N0112
Precipitation
Temperature
Abstraction

0.601
0.688
0.714
0.525
0.724
0.417
0.002
0.394

TABLE I: A ranking of the mutual information for a set of
features to predict the groundwater levels for four boreholes.
a loss function to minimize. R2 is used to measure how close
the data are to the fitted regression line. It explains how much
variability of one factor can be caused by its relationship to
another factor (co-linearity between the observed and predicted
data) [22]. R2 values range from 0 to 1, with higher values
indicating less error variance (i.e. the closer the value is to 1,
the better the fit, or relationship, between the two factors).
F. Ethics Clearance
This study did not require any ethics clearance as data
used in the study was obtained freely. Climate data was
obtained from the SAWS and discharge, groundwater level
and abstraction data was obtained from DWS.
IV. R ESULTS AND D ISCUSSION
This section presents the results of this study. To select
the optimal features among the proposed models, two case
scenarios are compared using feature analysis and also using
the proposed models to test the best scenario for groundwater
prediction. Section IV-A will discuss the results obtained from
feature analysis and section IV-B will present and discuss the
results obtained from the machine learning models.
A. Feature ranking
Using MI, the study deduced the contribution of each
feature to the target variable. The results of applying MI are
summarized in Table I. The first column indicates the feature
name and the next column indicates the corresponding scores
of each feature to the target variable. Features that begin with
”D4N...” and ”2525...” are all borehole IDs.

TABLE II: Experimental results of the different models tested
Table I shows only a subset of the boreholes tested. A
total of 27 boreholes were run using MI but only those
boreholes that had a correlation of above 0.5 were selected
for display and modelling (for scenario 1). A total of 13
boreholes met this criterion. As can be seen from the results
presented groundwater levels do indeed exhibit a high correlation with discharge in the compartment with 5 boreholes
namely: D4N0037, D4N0111, D4N0140, D4N0115, D4N0112
recording entropy values of above 0.7. These results support
the assumption that discharge in the compartment is driven by
the hydraulic gradient between the surrounding aquifer and the
eye hence, high groundwater levels result in high discharge and
low groundwater levels will also correlate with low discharge
rates.
The rainfall feature recorded an entropy score of 0.41 with
discharge. Spring discharge is ultimately a consequence of
rainfall, which infiltrates to groundwater, increasing groundwater levels subsequent to recharge events and in-turn driving
dis- charge. Therefore, discharge is expected to correlate with
weather changes. The long-term decrease in spring discharge
also correlates with the decline in regional precipitation. The
weak score of precipitation (as compared to groundwater level
scores) could be due to the fact that it is only the larger rainfall
events (above a 100m threshold) that generate recharge and
cause an increase in discharge as shown in figure (shown in
Figure 2). A clear response between discharge and intense
rainfall events (above 230mm threshold) can also be seen in
Figure 2.
Temperature could influence evapotranspiration and therefore groundwater recharge rates which could influence temporal variation in spring discharge. However, for this case,
temperature exhibited a very low correlation score (0.002)
which meant the variable was either too noisy or just irrelevant
in relation to discharge. To factor out the reasons for this
low correlation, the temperature dataset was decomposed using
time series decomposition in python. The decomposed signal
was then used as input in MI procedure. Although the entropy
result improved (0.12) the correlation was still very low. This
meant that the feature was irrelevant in predicting discharge.
Lastly, abstraction exhibited a score of 0.394 in relation
to discharge. Regional abstraction could result in discharge
declines due to the groundwater levels lowering hence the
relationship between the two was expected.
MI therefore proved to be a useful framework for feature
elimination.

Scenario

Models

Rˆ2

MAE

Scenario 1

FFNN
LSTM
GRU

0.661
0.855
0.811

0.058
0.046
0.047

FFNN
LSTM
GRU

0.134
0.291
0.223

0.421
0.219
0.334

Scenario 2

The results show that by including previous groundwater
levels, all networks significantly improved in their performance as compared to without, recording lowest MAE score
of 0.040 (m3/s) and 0.124 (m3/s) respectively. Furthermore,
the results of model comparison during the testing phase reveal
that the RNNs can outperform a standard baseline model such
as FFNN which performed poorly for both scenarios. The difference that appeared in the performance can be explained by
the fact that RNNs have feedback connections that make them
inherently dynamic in nature [23]. This feedback connection
allows RNNs to predict future values over an indefinite lead
time allowing the network to perform tasks that FFNN cannot.
As a network which remembers previous inputs RNN have
greater success in determining time dependent patterns [5].
As illustrated in Table II, the baseline model has the highest
error score for both scenario 1 (0.058) and scenario 2 (0.421).
On the other hand, the two RNNs performance were at par
with one another. But although the performance of the GRU
(0.047) was very close to the LSTM (0.046) in terms of the
MAE, the LSTM model recorded the highest R2 score of 0.855
as compared to the GRU which recorded 0.811. The trained
LSTM was then used for multi-step forecasting of discharge
rates for the next 2 years using 32 years of observed data (see
Figure 3). The results presented in the graph show a reasonable
prediction of future discharge rates as over/under prediction
of observed discharge remained below 2% during the training
phase.

B. Regression
This section will present the results obtained by the different
networks using MAE and R2 as evaluation metrics. Table II
indicates the R2 and MAE results of each neural network
model in predicting discharge rates for the two case scenarios.
To validate the effectiveness of the proposed models, the
neural network models are tested for both scenarios. The
model results are then compared with the baseline model:
FFNN. Table II summarizes the results of the different models
on the test dataset.

Fig. 3: Foretasted discharge rate over a 2-year period
V. C ONCLUSION
The utility of time series records for spring discharge
analyses is often dependent on uninterrupted, continuous observations. However, interruption is often unavoidable but

such interruptions could negatively impact the sustainable
management of water resources. This study proposes the
use of groundwater levels, precipitation and abstraction to
infill incomplete discharge records or generate discharge data.
The paper demonstrated that feature selection techniques are
useful tools to reduce the number of features. 13 out of 27
groundwater levels were used based on a cut off criteria value
of 0.5 obtained from using MI. The target of this work was
to successfully predict discharge using nearby groundwater
level measurements and precipitation. In South Africa, not
many gauge stations are present in each region (in some
cases there are none) and it most cases gauge data is very
limited (data gaps are significant). Our proposed methodology
demonstrated a technique for not only predicting discharge but
for generating a discharge dataset using surrounding boreholes,
abstraction and a rainfall dataset in the region. This study
tackled the regression problem by designing different neural
network models. Experiments were conducted to select the
optimum model for discharge forecasts. The results showed the
promising role of using RNNs particularly the LSTM and GRU
models for prediction of discharge data using groundwater levels, abstraction and precipitation as model inputs. The results
revealed that groundwater levels, abstraction and precipitation
contribute more to the success of machine learning models
compared to only using weather parameters and abstraction
data. However, the significance of this work to the hydrology
field rests on the ability to find meaningful groundwater level
and rainfall datasets within the study area. As a result, the
suggested methodology is only as good as the data fed into
it. The model presented in this study could prove as a useful
tool for predicting spring discharge in karst regions of South
Africa. The modelling results could also potentially help other
researchers to obtain accurate results in other karst regions. Future work may include implementing other machine learning
models and testing out this methodology on a different dataset.
Furthermore, to improve model results ensemble techniques
could also be tested.
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