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0v|u-1|—Precise estimation of groundwater levels
is essential for the management and sustainability of
groundwater resources. The main objectives of this study
are therefore (1) to quantify the influence of groundwater
extraction, precipitation, temperature and discharge on the
prediction of groundwater levels in the Grootfontein aquifer,
(2) predict groundwater levels under different climate and
groundwater extraction conditions using a recurrent neural
network and (3) compare results of each case scenario with
the base case for analysis. Selected datasets from feature
analysis were fed into a recurrent neural network architecture
to simulate the seasonal groundwater level changes. Feature
analysis results revealed that the variables selected indeed
had a strong influence on the prediction of groundwater
levels on the selected boreholes. Discharge, groundwater
abstraction and precipitation were the highest contributing
factors to groundwater level fluctuation. A recurrent neural

network model was used to simulate different case scenarios.
The model results reveal that the neural network model was
able to predict groundwater level change under the adjusted
input variables. Groundwater level fluctuations were no
more than 2 m below the base case for all scenarios tested.
The deep learning techniques introduced in this study to
estimate groundwater level change under different case
scenarios can be convenient for groundwater management
as drought warnings and/or water restrictions could be
issued in a timely manner. We therefore suggest the use of
the modelling framework used as an alternate approach to
simulating groundwater level change specifically in areas
where subsurface properties are not known.
m7; $;ulv—recurrent neural networks, long-short term
memory, groundwater levels, prediction, scenario testing,
ground-water sustainability
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I. INTRODUCTION
In many countries groundwater plays a crucial role in
supplying water to a significant part of the population for
industrial, agricultural and drinking purposes. One of the
most invaluable resources in semi-arid countries such as
South Africa is groundwater [1]. Groundwater supplies are
often less susceptible to drought than surface water due
to the larger reservoir. Where surface water, such as lakes
and rivers, are scarce or inaccessible, groundwater supplies
many of the hydrologic needs of people. In South Africa,
groundwater resources not only provides water supplies for
domestic use but also for the mining, agricultural and tourism
industries [2]. However, due to extreme changes in weather
conditions and the increase in population resulting in higher
groundwater extraction rates, groundwater resources have
been under enormous stress [2].
The Grootfontein dolomite aquifer is located in the
North West Province of South Africa. The aquifer serves
as a key source of water supply for municipal and irrigation
purposes. Several ecosystems, wetlands and towns such
as Mahikeng, Litchenburg and Grootpan rely on the
aquifer as their main source of water [3]. The aquifer is
also ecologically important in supplying springs that feed
important rivers.
In 2017, groundwater levels in the Grootfontein
aquifer had fallen by more than 28m compared to their
pre-abstraction levels. This drop has been attributed to
high groundwater extraction rates in the region [3]. In
this context, it is evident how improved understating of
groundwater level response to pumping and climate change
are essential for sustainable planning and management of
groundwater resources particularly in areas of changing
weather conditions and increasing groundwater demands
such as South Africa.
Machine learning models based on non-linear
interdependence’s serve as an attractive alternative to the
traditional physical process models. One of the challenges
in using physical process based models is their large data
requirements for model development and calibration [4].
Machine learning models on the other hand are able to predict
groundwater level changes without the deep knowledge
of the underlying physical processes making them a more
appealing choice. These models recognize patterns hidden
in historical data and then uses those patterns for future
prediction [5].

b]ĺƐĺՊuooom|;bmѴo1-ঞoml-rŐ=ou1u;7b|
o=bl-];v;;-1hmoѴ;7];l;m|vőĺ

The Grootfontein aquifer was selected as the focus of
this study. Temporal data including monthly temperature,
precipitation, natural groundwater discharge from a
groundwater-fed spring and groundwater extraction were
used as model inputs and groundwater levels from four
monitoring boreholes as model outputs. Root mean squared
error (RMSE), mean absolute error (MAE) and r-squared
(R2) were used as model evaluation metrics.
The main objectives of this study are therefore
(1) to quantify the influence of groundwater extraction,
precipitation, temperature and discharge on the prediction
of groundwater levels in the aquifer, (2) predict groundwater
levels under different climate and groundwater extraction
conditions using a recurrent neural network and (3) compare
results of each case scenario with the base case.
To quantify the relationship between each feature and
the groundwater levels mutual information was performed.
Mutual information results revealed that the variables
selected indeed had an impact on the groundwater levels at
the borehole sites selected for modelling with abstraction,
precipitation and discharge carrying the highest weights.
Using a recurrent neural network model specifically the Long
Short-Term Memory (LSTM), different case scenarios were
tested and each case scenario modelled was compared to the
base case for analysis. Numerous studies have successfully
predicted groundwater levels using recurrent neural
networks; however, the way to take into account various case
scenarios under specific weather conditions or using specific
groundwater extraction cases is not well apprehended.
Necessities are more into simply predicting groundwater
levels. We therefore suggest the use of the modelling
framework used in this study as an alternate approach to
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simulating groundwater level change specifically in areas
where subsurface properties are not known.
$-0Ѵ; Description of each case scenario
Scenario ID

Deﬁntion

Description

1

Decrease rainfall peaks

If monthly rainfall peak > 100mm
then minus 100mm

2

Increase groundwater
abstraction

Double the monthly abstraction

3a

Simulate worst case
scenario

Combination of scenario 1 and 2

3b

Simulate average case
scenario

Decrease rainfall: Half all monthly
rainfall datapoints

3c

Increase rainfall peaks

Increase rainfall peaks: If
monthly rainfall peak > 100mm
then add 200mm

4

Long term prediction
(15 years)

Use 100% data for training and
predict groundwater levels for
the next 15 years using long
term averages of input variables

This document is structured as follows: Section II
discusses the contributions of machine learning in the domain
hydro-geology; Section III will focus on data acquisition,
data pre-processing, and model development; Section IV will
outline and discuss the findings of the study and Section V
will conclude this paper and also offer recommendations for
future work.

II. LITERATURE REVIEW
The introduction of big data and machine learning in
hydrology has brought about significant new advances in
the sustainable management of groundwater resources
around the world. By assessing data and using it to learn
themselves, machine learning models can identify complex
patterns present in the data for future analysis. Due to their
ability to model complex nonlinear relationships, artificial
neural networks (ANNs) have been the most widely used
algorithms when studying hydrological systems particularly
feed forward neural networks (FFNNs) and recurrent
neural networks (RNNs) [6]. As previously highlighted
machine learning models offer several advantages over
the process based models. Recent studies suggest that
data driven models can achieve performance comparable
to or at times even more accurate than process based
models. [7] conducted a comparative study between

machine learning models and groundwater flow models to
simulate groundwater dynamics in the Heihe River Basin
in northwestern China. MODFLOW (a computer code that
solves the groundwater flow equation) was used to simulate
the groundwater dynamics together with three different
machine learning algorithms; support vector machines,
multi-player perceptron and, radial basis function network.
Results revealed that the accuracy of the machine learning
models was significantly better than the groundwater flow
model. The groundwater flow model achieved a coefficient
of determination (R2) score of 0.51 while the multilayer
perceptron, radial basis function network and support
vector machine achieved R2 scores of 0.71, 0.75 and 0.76
respectively, proving capabilities of machine learning
techniques in groundwater level prediction.
[8] also did a comparative study between artificial
neural networks and the groundwater flow model to simulate
groundwater levels in Aghili plain, urban area of Gotvand in
southwest Iran. A groundwater flow model had previously
been developed to predict groundwater levels in the area
therefore the accuracy of their machine learning model was
quantified by comparing it to the groundwater flow model.
Within this context, the results of the artificial neural network
were compared to the results of the groundwater flow
model. The plots/graphs in the study show that the predicted
groundwater levels by the artificial neural network better fitted
the observational data trend than the groundwater flow model.
Hence, the study concluded that artificial neural networks
were better suited to predict groundwater levels in the region
than the previously computed groundwater flow model.
Several other studies used FFNNs ( [9], [10], [11], [12],
[13]) and RNNs ( [14], [15], [16]) to predict groundwater
levels while other studies compared the performance of
FFNNs and RNNs in predicting time dependant patters ( [17]
and [18]). In most studies FFNNs were able to accurately
predict future values for a short period while RNNs were
able to predict future values over an indefinite lead time.
While FFNN are more popular in modelling hydrological
systems, they lack the feedback connections necessary to
model dynamic systems making it difficult for them to model
time dependant patterns [19]. On the other hand, RNN have
feedback connections that make them inherently dynamic in
nature. In several studies mentioned earlier, RNNs were able
to cope with the seasonality trend and time-varying behaviour
of the semi-arid aquifer systems better than FFNNs. Hence,
most studies concluded by recommending RNNs as useful
tools for predicting hydrological systems.
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These recent studies show how machine learning
models are able to recognize patterns hidden in historical
data and then apply those patterns to make future predictions
without deep knowledge of the study area.
Due to our data being time-dependant we focused on
the use of RNNs in this study particularly the LSTM model.

III. METHODOLOGY
In this paper we attempt focus on three main objectives.
Firstly, we quantify the influence of groundwater extraction,
precipitation, temperature and discharge on groundwater
levels in the aquifer using mutual information, secondly, we
attempt to predict groundwater levels for four boreholes under
different climate and groundwater extraction conditions by
training and testing an LSTM model and finally comparing
results of each case scenario with the base case to give
recommendations.
This section is structured as follows: Section III-A
describes the case study area; Section III-B discusses data
acquisition and pre-processing; Section III-D outlines the
feature selection method used; and Section III-E will provide
a brief descriptions of model setup and evaluation metrics
employed in this study.

A. Study Area
The dolomite aquifers located in the northern part of
South Africa are one of the most important aquifers in the
country [3]. The Grootfontein dolomite aquifer specifically is
a highly productive aquifer that contains good quality water
used for industrial, agricultural and domestic water needs
of people in the region [20]. Several towns and settlements
such as Mahikeng, Lichtenburg and Itsoseng largely rely
on groundwater as their main source of water. Average
rainfall in the region is between 300 to 700mm annually
while average temperatures in the region range between 2
to 16 degrees in winter (May to July) and 22 to 34 degrees
in summer (August to March) [21]. Further details of the
Grootfontein aquifer can be found in [3]. Figure 1 shows the
map of the area under study.
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levels and discharge rates where obtained from DWS while
monthly rainfall and temperature datasets was obtained from
SAWS and abstraction dataset was obtained from WARMS.
Four bore-holes were selected of those obtained from DWS.
Selection criterion of these four was based on boreholes that
had the longest continuous time period and least missing data
points. The selected boreholes therefore ran for over 30 years
and had less that 15% missing data points.
For climate data 3 weather stations were present within
close proximity of the compartment as evidenced in Figure
1. One was within Marico (North of the compartment), one
within the Mafikeng region (North West of the compartment)
and another in Litchenburg (South of the compartment). A
time series of monthly temperature and precipitation was
compiled from the three stations. The three stations were
selected due to their positions relative to the compartment
boundaries providing an indication of the temperature and
rainfall variability across the compartment. The stations were
also selected due to the availability of longer historical data.
Discharge data used was from station D4H014 (location
shown in Figure 1). The spring discharge at Molopo is
considered hydraulically connected to groundwater across the
Molopo/Grootfontein, and is therefore used as a representation
of groundwater discharge from the compartment.
It should be noted that the groundwater abstraction
dataset obtained for this study was licensed water use and not
actual water use. Therefore, the registrations obtained may
be over-estimates in an attempt to secure a supply or underestimates for the purposes of securing a license. Furthermore,
several individuals may not be registered (unlicensed
abstraction). However, this is the dataset that was readily
available. Therefore, total groundwater abstraction was
calculated using the registrations obtained.

ĺ -|-oѴѴ;1ঞom-m7u;Ŋruo1;vvbm]
This study made use of data obtained from the Department
of Water and Sanitation (DWS), Water Authorization and
Registration Management System (WARMS) and South
African Weather Service (SAWS). Monthly groundwater
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The LSTM model was run under different cases to explore
the future trends of groundwater behaviour under different
scenarios. The scenarios in table I were created to mimic
possible changes in groundwater abstraction and climate
conditions. Amplifying and decreasing rainfall peaks are case
scenarios seen in climate variability and doubling abstraction
amounts were also tested to verify whether the the neural
network can replicate the impact on groundwater levels
which is essential for groundwater planning. When running
model simulations the training data was left unchanged and
the test dataset for the rainfall or abstraction variable was
altered according to the case scenario to be modelled. Table I
defines each scenario case tested.

ĺ ;-|u;m-Ѵvbv
Generally, input parameters are not equally informative
in predicting the target variable. This is because some
parameters may correlated, noisy or have an insignificant
relationship with the target variable.
To quantify the influence of each feature (groundwater
abstraction, temperature, precipitation and discharge) against
the target variable (groundwater levels for the four boreholes)
feature analysis was performed. Using mutual information
(MI), we were able to quantify the relationship between
each feature and each target variable. MI is a statistical
method that is used to measure the degree of relatedness
between variables [22]. MI is greater than zero when X and
Y exhibit mutual dependence regardless of how nonlinear
that dependence is because MI is able to model both linear
and nonlinear rela-tionships. Therefore, the stronger the
relatedness the higher the MI value.
In the next section we will discuss the machine learning
model employed in this paper.

ĺ!;]u;vvbom-m7 -Ѵ-ঞom
RNNs take two sources of input. To determine how it will
respond to new data the model combines the current input
example it sees (the present) and the previously computed
output (the past). RNNs can be distinguished from FFNNs
by the feedback loop that connects their present to their past
decisions. The sequential information stored in the RNNs
hidden state spans several time stamps as it cascades forward
to affect the processing of each new example [23]. Therefore
an event downstream in time depends upon, and is a function
of one or more events that came before. Figure 2 shows an

example of a RNN where Wx represents the weight vector
for the hidden layer, Wy represents the weight vector for
the output layer, Wh represents the same weight vector at
different Timesteps, xn and yt are the input vector and output
result at time t and hn represents the activation function.
$-0Ѵ; Mutual Information results summary
BH Site

Temperature

Precipitation

Discharge

Abstraction

D4N0037

0.01

0.36

0.45

0.61

D4N0127

0.01

0.32

0.35

0.69

D4N0110

0.05

0.39

0.43

0.58

D4N0142

0.03

0.35

0.32

0.62

Average

0.03

0.36

0.39

0.63

ĺ -Ѵ-ঞom;|ub1v
The LSTM model was evaluated using three metrics, namely:
RMSE, MAE and R2. RMSE is used as an indicator of how
much much error the predicted results contain by comparing
actual vs predicted results [24]. MAE calculates the averages
of the absolute differences between prediction and actual
observation where all individual differences have equal
weight [24]. MAE is a good measure of error that can serve as
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) [25].

ĺ |_b1vѴ;-u-m1;
No ethics considerations were required for this study. All
data used in this study was obtained freely.
In the next section we will discuss the results obtained
from the study.

IV. RESULTS AND DISCUSSION
This section presents the results obtained for each case
scenario and the MI results. In section IV-A we discuss
the results obtained from feature analysis and section IV-B
presents the regression results.

ĺ ;-|u;u-mhbm]
There were 4 features used in this paper. Using MI we deduced
the contribution of each feature to classify the features as a
value from the target variables. Table II shows the results of
applying MI to the feature set for each target variable.
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Table II illustrates the scores of the contribution of each
feature to each target variable. The first column indicates
the borehole site ID (BH site), the remaining 4 columns
indicate feature names and the corresponding scores to each
target variable.
Table II shows that on average regional abstraction
correlates with water levels the strongest in each borehole
with an average entropy of 0.63. Correlation does not
imply causality, but these results essentially show that the
method detects a correlation between the curve of increasing
groundwater use over time with the groundwater levels at
each borehole. It should be noted that the results obtained
are quite surprising given that the groundwater level dataset
is significantly noisier than that of groundwater abstraction
which shows an increasing curve over time. However, the
results also support the assertion that the compartment
is highly impacted by regional abstraction as recorded in
previous studies.
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Table III shows the results obtained for the base case by
training and testing the LSTM model with actual input values.
As can be seen by the results obtained the LSTM model
performed quite well in the prediction of all four monitoring
stations using precipitation discharge and groundwater
abstraction as model inputs. On this basis the predictive
capabilities of the LSTM model was considered adequate for
the main objectives of this study.

$-0Ѵ; Performance of LSTM model on the test data set for 4
boreholes in the Grootfontein aquifer.
BH Site

R2

RMSE

MAE

D4N0037

0.87

0.09

0.06

D4N0127

0.81

0.57

0.36

D4N0110

0.77

0.13

0.10

D4N0142

0.85

0.18

0.13

The second most correlating feature with groundwater
levels is discharge with an entropy average of 0.39. A strong
relationship is expected, given that the hydraulic gradient
between the surrounding aquifer and the spring is what drives
discharge hence changes in groundwater level will directly
translate to changes in discharge rate.
The rainfall dataset is the feature with 3rd strongest
correlation with average entropy value of 0.36. A high
correlation was expected as groundwater levels respond to
rainfall events. Temperature has the lowest correlation (and
therefore least influence in predicting water levels) with an
average entropy average of 0.03.
It should be noted that MI only measures the
mutual dependence between two random variables by
identifying how much information of one of the features
can be obtained from the other features, but it does not
tell us what drives the groundwater levels. However, MI
gain provides a useful framework for feature selection by
indicating the contribution of each feature relative to all
the other features.

$-0Ѵ;(ĺՊo7;Ѵru;7b1ঞom=ouv1;m-uboƐŊ7;1u;-v;
u-bm=-ѴѴr;-hv

In the next section we discuss results obtained through
each scenario test.
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1) Scenario 1: Subtracting 100mm from rainfall events
that had peaks higher than 100mm resulted in a drop of
groundwater levels at the specific month were precipitation
was reduced. It is important to note that precipitation peaks
above the 100mm threshold were not abundant in the
testing phase but instead only a few high rainfall events
occurred during 2000 – 2004 (duration of test data for most
boreholes) that passed the threshold. For this reason, the drop
in groundwater levels is only seen at the particular months
were recharge was reduced. For borehole D4N0142, the
decrease in water levels between year 0 to year 2 is clearly
observed as recharge events were reduced during this period.
For borehole D4N0037, a decline in water levels is observed
during year 2 to 3 as compared to the base case the model had

over-predicted value of groundwater levels in 2002. As for
borehole D4N0127 there was only a single rainfall event that
was above the threshold during the testing phase hence only
one negative change was observed with a drop of 0.2m at the
beginning of year 3. The general trend for the rest of the years
remained similar to that shown in the base case. For borehole
D4N0110 a decline in water levels (0.2 to roughly 0.4m) can
be observed from year 0.
2) Scenario 2: Doubling the regional abstraction rates
in the compartment resulted in a the highest decrease of
groundwater levels for all boreholes (ranging between 0.5 to
1.7m) in the compartment when compared to the base case.
Although the doubled abstraction rates seemed to have a higher
effect on boreholes D4N0110 and D4N0142, the magnitude
for boreholes D4N0127 and D4N0037 was much smaller.

$-0Ѵ;(ĺՊo7;Ѵru;7b1ঞom=ouv1;m-uboƑŊ
7o0Ѵ;-0v|u-1ঞom
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3) Scenario 3a: The highest negative change was observed
from the third scenario were regional abstraction was doubled
and recharge was reduced by 100mm for high precipitation
events. Groundwater levels for borehole D4N0142 dropped by
almost 1m. For boreholes D4N0037, D4N0127 and D4N0110
groundwater levels dropped by at least 0.5m. All selected boreholes showed a decline in groundwater levels. This indicates
that the models are able to generate a change in groundwater
level that would be expected if abstraction rates increase. This
could be useful for assessing the impact of future changes in
groundwater abstraction.

4) Scenario 3b: By halving all precipitation values in
the test set, groundwater levels declined considerably when
compared to the base case. The decline in groundwater levels
is consistent throughout the years since all precipitation
values were halved unlike in scenario 1a where specific
events decreased (providing it was above 100m threshold).
The LSTM model is clearly able to predict the influence
of precipitation on groundwater levels in the compartment
evidenced by the constant drop in water levels for all
boreholes.

$-0Ѵ;(ĺՊo7;Ѵru;7b1ঞom=ouv1;m-uboƒ0Ŋ_-Ѵ=
-ѴѴu-bm=-ѴѴ-Ѵ;v
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5) Scenario 3c: Similar to scenario 3a boreholes in
this scenario showed an increase in groundwater levels in
particular months were the rainfall event meet the required
threshold for increase. The increase in precipitation increased
groundwater levels for boreholes D4N0037 and D4N0110.
In each of these boreholes an increase in recharge increased
groundwater levels a lot higher than compared to borehole
D4N0142. For borehole D4N0127 an increase in water levels
was seen for year 3 while groundwater levels in the rest of the
years remained almost stable. Generally, in this scenario the
groundwater levels increased by 0.6 to 1.3m.
6) Scenario 4: For the final scenario, precipitation,
abstraction and discharge data were formulated by averaging
the 30 years of data for each variable and predicting 15 years
into the future for borehole D4N0037. The graph showed a
reasonable prediction of groundwater levels by simply feeding
the model averaged values of precipitation, discharge and
abstraction. Due to fact that the model performed adequately
for the base case were the model had actual data for each
variable, it is not a far-fetched assumption to imply that the
LSTM model would be able to predict long term trends up to
15 years given sufficient training data.

V. CONCLUSION
The purpose of this study was to simulate the effects of
adjusted groundwater abstraction and precipitation on
ground-water levels in the Grootfontein aquifer. The aim was
to test the applicability of recurrent neural network models
in the estimation of groundwater levels under adjusted
parameters. As highlighted previously, South Africa is
expected to experience more low rainfall days and high water
demand hence groundwater availability becomes a concern
for water managers and water service authorities including
those in the North West. Groundwater is an essential resource
in the North West providing water to a significant part of

b]ĺƒĺՊo7;Ѵru;7b1ঞom=ouv1;m-uboƓŊѴom]|;ul
ru;7b1ঞom=ou0ou;_oѴ; ƓƏƏƒƕ

the population. Four case scenarios were considered to
investigate the effects of spatial and temporal variability of
precipitation and groundwater abstraction on groundwater
levels in the compartment using the LSTM model.
Although the RNN model was unable to predict the
sporadic peaks and troughs which could be due to lurking
variables such as daily pumping records from high-capacity
irrigation wells or measurement errors, the model still
performed quite well. The LSTM model was first tested to
predict groundwater levels using actual input values obtained
(considered as the base case). The model performed quite
well with the modelled water levels matching the observed
reasonably well. On this basis the predictive capabilities
of the LSTM model was considered adequate for the main
objectives of this study.
Scenario testing results showed a decline in groundwater
levels when abstraction amounts were doubled and a more
subtle decline when rainfall peaks amounts were reduced.
Moreover, during what can be conspired as drought years the
groundwater levels in the compartment decreased by almost 2
m. These results indicated the importance the chosen variables
had on groundwater levels in the region further strengthening
our entropy results. The framework used in this study could be
used by water managers and municipalities to manage water
resources more effectively during drier years while ensuring
that groundwater levels do not deplete.
This study only considered a handful of wells at a
regional scale thereby potentially restricting large scale
applicability of the model and results. Further investigation
is therefore needed at a larger-scale. This study only tested
a single model, further investigation could test applicability
of different models in the prediction of groundwater levels.
Lastly, testing with actual groundwater abstraction could
further strengthen results.
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