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Abstract—In this paper, we attempt to provide a data driven
solution to model groundwater levels in the Grootfontein Aquifer
in the North West Province of South Africa by testing several
predictive models. Groundwater plays a crucial role in supplying
water to a significant part of the population for agricultural,
industrial, environmental and/or domestic use. Recent advancements in data analytics, and the analysis of large data sets has
allowed the production of powerful predictive models. Five different data driven techniques namely, support vector regression,
gradient boosting trees, decision trees, random forest regression
and multilayer feed-forward neural network techniques were
applied to predict groundwater levels. Modelling was carried out
for four boreholes located in the Grootfontein dolomite aquifer
considering discharge, rainfall and temperature as model inputs.
Five site specific models were developed for each borehole. Model
performance was evaluated using coefficient of determination and
root mean squared error. Comparison of goodness of fit revealed
that data driven methods can indeed capture the trend of water
level fluctuations in the aquifer sufficiently with the GB algorithm
performing better than other algorithms in both the training and
verification stages. Whilst the models performed adequately when
predicting groundwater level on a monthly basis for 36 months,
further investigation is needed towards determining their efficacy
in longer term projections to assist in the decision making process
of sustainable groundwater use. This paper provides the following
contributions: (a) a ranking of the attributes according to their
mutual information (MI); (b) a reference for model selection;
and (c) a predictive model to forecast groundwater levels in the
Grootfontein aquifer.
Index Terms—machine learning, groundwater levels, prediction, data pre-processing

I. I NTRODUCTION
Groundwater is an essential natural resource. In South
Africa, groundwater provides water for domestic use and

industrial use in the mining and agricultural sectors [1].
Due to their dynamic nature, groundwater systems continually adjust to changes in land use, climate (including
temperature and precipitation) and groundwater withdrawals
[2]. Understanding how these different parameters influence
the aquifer’s recharge, the resulting groundwater levels and
therefore groundwater discharge is key to the management
of groundwater resources. Therefore, accurate prediction of
groundwater levels is an imperative step towards achieving
sustainable management and utilisation of groundwater resources.
Traditionally, physical process-based models have been used
to simulate groundwater flow systems. One of the challenges
in using these models is their large data requirements [3]. Definition of boundary conditions and other parameter estimations
are required to calibrate the model. The information is often
challenging and expensive to obtain making the modelling
process expensive and time consuming [4].
Machine learning models serve as attractive alternatives to
process-based models because they have the potential to be
less laborious and could provide useful results with fewer
data samples. Using historical data, machine learning models
can identify patterns by learning information directly from
the data. These models are able to capture the trends and
time-variant behaviour of hydrological systems without the
deep knowledge of the underlying physical attributes that
groundwater flow models would need [5].
Artificial neural networks (ANN) have been widely used
to predict groundwater systems. In fact, since the 1990s,
various ANN techniques have been applied to improve water

level prediction accuracies [6]. Less attention has been put
towards analysis of other regression techniques including
random forest regression (RF) [7], support vector regression
(SVR) [8], gradient boosting regression (GB) [9] and decision
tree regression (DT) [10]. This study will therefore train and
explore the accuracy of these different regression models in
predicting groundwater level fluctuations for four boreholes in
the North West Province and compare their accuracy with a
simple feed forward neural network (FFNN).
The Grootfontein aquifer, which is one of the most used
aquifers in South Africa was selected as the focus of this study.
Temporal data including monthly precipitation, temperature
and natural groundwater discharge rates from a groundwaterfed spring were used as model inputs and groundwater levels
for four boreholes as model outputs. The boreholes modelled
are used as monitoring boreholes and are not pumped. Whilst
the measured groundwater levels are likely to be impacted
by regional abstraction, data on abstraction rates from nearby
boreholes is scarce therefore groundwater abstraction rates
were not included as model inputs.
Root mean squared error (RMSE) and r-squared (R2 ) were
used as model evaluation metrics. Factor analysis was also
performed to quantify the relationship between each feature
and the groundwater levels. The results indicate that groundwater discharge rates contributed the most towards predicting
groundwater levels followed by temperature and precipitation.
The best reported accuracy was by the GB algorithm achieving
R2 scores of 0.71, 0.72, 0.73, 0.75 for the four boreholes. The
SVR and DT had the worst performing scores for most of the
boreholes. Figure 1 shows the overall study process.
In South Africa, there is a limited body of literature in forecasting of groundwater levels using machine learning models.
The application of machine learning models in groundwater
prediction is applied mostly in Asia, Europe and America.
The novelty of this work is therefore based on the application
of the afro-mentioned models on this particular dataset. The
main contribution of this paper is to provide a data driven
approach to modelling groundwater levels in the Grootfontein
aquifer of South Africa. More specifically, the paper provides
the following contributions: (a) a ranking of the attributes
according to their mutual information (MI); (b) a reference
for model selection; and (c) a predictive model to forecast
groundwater levels in South Africa.
This document is structured as follows: The II section will
highlight the contributions in the domain of predicting groundwater levels for different aquifer systems; The III section will
focus on data obtained, data pre-processing, and choice of
models chosen; The IV section will outline and discuss the
findings of the study and the V section will conclude this
paper while also offering recommendations for future work.
II. L ITERATURE R EVIEW
The introduction of big data and machine learning in hydrology has resulted in several new advances in the sustainable
development of groundwater resources in several parts of
the world. Machine learning is an application of artificial

Fig. 1: This diagram illustrates the study flow chart from
attribute selection until the final predictive model is chosen.
intelligence that focuses on the development of computer
programs that can assess data and use it to learn themselves.
Using historical data machine learning models can identify
patterns by learning information directly from the data.
There are a plethora of algorithms to choose from when
approaching any type of machine learning problem. In hydrology ANN have been the most widely used algorithm to
model hydrological systems mainly due to their ability to learn
and model complex nonlinear relationships [11]. Aside from
groundwater level forecasting ANN have also been used for
rainfall runoff forecasting [12], water quality predictions [13]
and stream flow forecasting [14].
In groundwater flow modelling, [15] investigated the effects
of human activities, climate and hydrological activities on
groundwater conditions using ANN. In a similar study, [16]
also demonstrated the predictive capability of ANN in predicting groundwater level changes using groundwater abstraction
rates and other hydrological conditions as inputs. Using a
FFNN, [17] predicted groundwater levels for two boreholes
in an unconfined aquifer using rainfall, canal discharge and
historical groundwater levels as model inputs. In study [18],

a FFNN was also used to predict groundwater levels for six
boreholes installed in an unconfined aquifer using monthly
evapotranspiration, temperature and rainfall as model inputs.
Other researchers [19], [20] have used ANN to also predict
groundwater levels in confined aquifers. All these studies
highlighted the potential of ANN in predicting groundwater
levels in both unconfined and confined aquifers. The number
of sites investigated and the types and number of inputs used
to predict water levels varied from study to study.
Since ANN have been known to produce good results
when studying hydrological systems, less attention has been
put towards regression models. RF and DT algorithms have
been mostly used for rainfall-runoff modelling [21], [22]. For
groundwater modelling, [23] did a comparative study between
RF, DTs, SVMs and ANNs to predict water levels in the Upo
Wetland in South Korea. Results revealed that the Upo wetland
was well predicted by the RF model which outperformed the
ANN achieving an R2 score of 0.96. [24] also used SVR in
predicting groundwater levels using past groundwater levels
as input. [25] also used the SVR and M5 DT model to predict
groundwater levels for twenty-four boreholes in the Ardebil
plain using rainfall, discharge and previous water levels as
model inputs. The results showed that both models were
capable of capturing groundwater levels in the plain. [26]
conducted a study applying data driven methods such as linear
regression, GB, RF and DTs to predict groundwater levels for
the Ljubljana aquifer. The GB algorithm achieved the highest
R2 score of 0.64 compared to the other models. The GB
algorithm has also been used for predicting evapotranspiration
rates [27], precipitation [28] and for flood forecasting [29].
Recent reviews regarding the application of data-driven
models in water resources, water resources engineering and
hydrology has revealed that a large part of literature is devoted
to application of neural networks [30]. A small section in
literature has proved that regression models can also be useful
tools in predicting hydrological systems. In this paper we
examined the feasibility of SVR, GB, RF and DT models
in predicting water levels for four boreholes and compared
the accuracy of these models to a standard FFNN. It is
anticipated according to similar studies [26], [31] that the
relative performance of the different algorithms will vary based
on the dataset and the particular application used. In other
words, the ANN model for example, may perform better than
the other models for a specific borehole but can also be
outperformed by the other models in other boreholes.
III. M ETHODOLOGY
In this paper we attempt to predict groundwater levels
using precipitation, temperature and discharge as model inputs.
Several machine learning models from different archetypes
of machine learning are trained to predict water levels for
four boreholes. Root mean squared error and r-squared will be
used to gauge model performance and factor analysis will be
performed to rate the contribution of each feature to predicting
the groundwater levels for the four boreholes.

This section is structured as follows: Section III-A will
describe the area under study; Section III-B will discuss 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
Among South Africa’s most important aquifers are the
dolomites of the North West Province, which are found
in the northern part of the country [32]. The Grootfontein
dolomite aquifer is a highly productive aquifer containing
good quality water that supplies the domestic, agricultural and
industrial water needs of people in the region [33]. Several
towns and settlements such as, Itsoseng, Lichtenburg and
Mahikeng (which is also the capital of the North West) largely
rely on groundwater as their main source of water. Average
temperatures in the region range between 22 to 34 degrees
in summer (August to March) and 2 to 16 degrees in winter
(May to July) while rainfall is between 300 to 700mm annually
[34]. Further details of the Grootfontein aquifer can be found
in [32]. Figure 2 shows an overview of the Grootfontein
compartment.
B. Data Collection and Pre-processing
Monthly groundwater level data (measured in meters) was
obtained from Department of water and Sanitation (DWS).
A total of 51 boreholes were obtained for the study area.
Not all boreholes were still active. It was therefore necessary
to filter the boreholes to select those that would give us
the best results. Boreholes with less than 25% missing data
and more than 10 years worth of data were selected as
potential boreholes for modelling. A total of 20 boreholes
met these requirements. Monthly groundwater levels were
then selected for four boreholes within the aquifer that had
between 15 - 20% missing data and ran for more than twenty
years. Interpolation for these missing values was done using
mean. Figure 3 shows the water level hydrographs (meters
above ground) for selected boreholes against discharge and
precipitation.
Climate data, namely precipitation (measured in mm) and
temperature data (measured in degrees celsius) were chosen
as input parameters. Data for both parameters was obtained
from the South African Weather Service (SAWS). A total of 3
stations where in close proximity with the aquifer. However,
2 of the stations only started operating after 1999 so the data
was insufficient to model selected boreholes. Hence, only one
station remained that had been operational since 1950 and had
less than 6% missing data. The station provided data for both
precipitation and temperature. Both parameters are important
factors that influence groundwater levels. Precipitation acts as
the primary source of recharge for the aquifer. A correlation
is expected with some rainfall events generating recharge and
causing increases in groundwater level. In figure 3 we can see
a response in groundwater water levels to major rainfall events
in 1978, 1989, 1993 and 2000. Furthermore, higher summer

Fig. 2: Location of the Grootfontein aquifer. Adapted from ”An updated water balance for the Grootfontein Aquifer near
Mahikeng” [32].
temperatures may correlate with rainfall periods and increases
in groundwater level. However, a non-linear relationship is expected as higher temperatures also increase evapotranspiration
rates which in turn acts as a discharge point of groundwater,
where groundwater levels are sufficiently shallow. Historically
the Grootfontein aquifer discharged to Grootfontein eye [32].
The Molopo eye spring is more distant from the boreholes, but
within the same Groundwater Management Area (GMA) to the
boreholes selected [35]. Whilst the spring at Grootfontein may
be more central to the aquifer, the spring discharge at Molopo
is also considered hydraulically connected to groundwater
across the Molopo/Grootfontein GMA, and is therefore used
as a representation of long term groundwater discharge from
the GMA. The station at Molopo eye recorded monthly flow
rates from 1984. Given the hydraulic gradient between the surrounding aquifer the eye is what drives discharge. Therefore,
the discharge data can be used to predict the groundwater level
changes generating discharge. In figure 3 we can also see the
relationship between discharge rates and water levels in the
aquifer. As evidenced in the figure, high groundwater level
spikes in years 1978, 1981 and 1994 for example, result in a
spike in the discharge rates.

C. Feature Analysis
Generally, input parameters are not equally informative in
predicting the target variable. This is because some parameters
may be noisy, correlated or have an insignificant relationship
with the target variable.
To quantify the influence of each of the input variables
(precipitation, temperature and discharge) on groundwater
levels for the four boreholes, feature analysis was done. Using
MI, we were able to quantify 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 [36]. MI will be greater than zero when X and Y
exhibit mutual dependence regardless of how nonlinear that
dependence is. This is because MI can model both linear
and nonlinear relationships between input variables and target
variables. The stronger the relatedness the higher the MI value.
In the next section we will discuss the machine learning
models applied in this paper.
D. Regression and Evaluation
Groundwater level prediction is a regression problem. Using
the data described in subsection III-B we try to generate the
best possible continuous predictions for groundwater level
change on a specific month for four boreholes within the

Fig. 3: Hydrographs of four groundwater monitoring stations in relation to (a) precipitation and (b) discharge.
Grootfontein aquifer. We use the following five models to
predict continuous groundwater level values within the aquifer:
DT, RF, SVR, GB, and ANN.
a) Decision Trees: DTs can be considered as one of the
simplest yet powerful models in machine learning introduced
by [10]. The model uses a tree structure to predict the target
variable on the basis of given input features. The DT consists
of a root node (starting node) and a leaf node which represents
the final node. By using impurity generated at each node the
DT is able to determine division values. This study employed
the C4.5 model and defined the impurity measure using the
weighted mean squared error (MSE).
b) Random Forest: To improve DT accuracy, an ensemble of DTs is used [7]. RF regression is an ensemble of DTs
(based on the results of multiple decision trees). Using a subsample of the dataset, each tree is trained and final value
is given by averaging the whole ensemble. Due to this RF
models have higher reliability and high model stability. The
implementation used in this paper follows [23].
c) SVR: Support vector machines (SVM) were presented
by [8]. The introduction of -insensitive loss function allowed
the extension of SVM to regression problems which is called
SVR. SVR is a generalised method of SVM used to predict
random real values. For the kernel function, the radial basis
function was used, which is known to have a relatively high
performance for regression problems [23].
d) Gradient Boosting: GB also uses ensemble trees by
stacking them additively to provide a final prediction [9].
During the first stage, the algorithm will approximate the
target values then in each subsequent stage the algorithm
approximates loss function residuals from the previous stage
resulting in higher accuracy and model stability [37].
e) Multi-layer Perceptron: ANNs are one of the most
well-known machine learning algorithms inspired by the architecture of how the human brain processes information [38].
This allows the model to capture and represent input and
output relationships whether linear or nonlinear. In a FFNN
information generally passes from the input layer through
the hidden layer to the output layer. Nodes in one layer are
connected to those in the next but not to those in the same
layer. The implementation used in this paper follows [23].
All models were trained using 10-fold cross validation.

E. Evaluation Metrics
All above mentioned models will be evaluated using two
metrics, namely: RMSE and R2 . RMSE is used as an indicator
of how much much error the predicted results contain by
comparing actual vs predicted results [39]. RMSE is a good
measure of error that can serve as a loss function to minimise.
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) [40]. 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
No ethics considerations were required for this study. The
data in this study was obtained freely. Climate data was
obtained from the SAWS and discharge and groundwater level
data was obtained from DWS.
In the next section we will discuss the results obtained from
the study.
IV. R ESULTS AND D ISCUSSION
This section presents the results of using the five aforementioned techniques to predict groundwater levels for the four
boreholes using precipitation, temperature and discharge as
input variables. In section IV-A we discuss the results obtained
from feature analysis and section IV-B presents the regression
results.
A. Feature ranking
There were 3 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 I shows the results
of applying MI to the feature set for each target variable.
Table I 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 3 columns indicate
feature names and the corresponding scores to each target
variable.
Groundwater levels fluctuate for several different reasons.
While some changes are due to natural phenomena, others can

TABLE I: A ranking of the mutual information for a set of
features to predict the groundwater levels for four boreholes.
The top feature for each site is highlighted in blue.
BH Site
D4N0053
D4N0115
D4N0108
D4N0112

Temperature
0.18
0.04
0.13
0.35

Precipitation
0.02
0.21
0.10
0.32

Discharge
0.81
0.68
0.49
0.72

be caused by human activities. Table I shows low scores for
temperature and precipitation, ranging between 0.04 to 0.35
and 0.02 to 0.32 respectively. Whilst a correlation between
rainfall and groundwater levels is clear in the datasets, it is
only the larger rainfall events (long duration and above a
certain threshold) that generate recharge and cause an increase
in groundwater level (with a lag between rainfall event and
increase in groundwater level) as shown in figure 3. For these
reasons the MI generated weak scores in most boreholes. On
the other hand, boreholes D4N0108, D4N0053 and D4N0112
proved to be more sensitive to temperature than they were to
precipitation. This is likely related to a correlation between
rainfall (and recharge) occurring in warmer summer months.
Table I indicates that discharge rates are the highest contributing feature to predict groundwater levels for all four
boreholes. A strong relationship is expected, given that the
hydraulic gradient between the surrounding aquifer and the
eye is what drives discharge hence changes in groundwater
level will directly translate to changes in discharge rate.
MI gain provides a useful framework for feature elimination
but it is also indicates the contribution of each feature relative
to all the other features. Performing auto-correlation and
cross-correlation to determine optimal time lags could help
strengthen these results.
B. Regression
This section will present the results obtained by the five
predictive models using RMSE and R2 metrics.
In this study we assessed the simulated water levels from
each machine learning algorithm during the test period to
evaluate model performance. Table II indicates the results of
each model in predicting groundwater levels for each site.
As illustrated in Table II the GB algorithm gave the best
performance, achieving an R2 score of up to 0.75 for site
D4N0115. The model managed to surpass the FFNN algorithm
for three of the BH sites. Out of all the five algorithms tested,
the GB took the least time to build and also recorded the
highest scores for three BH sites. The GB algorithm was
favoured because of its ability to handle missing data hence
no imputation was required.
The FFNN achieved the highest R2 score throughput
modelling. The model recorded an R2 score of 0.77 for
site D4N0112. It also recorded the lowest RMSE for site
D4N0112. Of all the five algorithms tested, the FFNN model
took the most computational time to build. The FFNN managed to outperform the GB algorithm for only one BH site.
Overall model performance was reasonable.

TABLE II: Modelling results of groundwater level change
based on weather and discharge data. Five different algorithms
were used. Each method has been run on a dataset of each BH
site in the Grootfontein aquifer. The best performing model in
each BH Site is highlighted in red.
BH Site

Evaluation Metric

DT

RF

GB

SVR

FFNN

D4N0053

Rˆ2
RMSE

0.68
2.37

0.65
2.44

0.72
1.90

0.58
2.80

0.69
2.31

D4N0115

Rˆ2
RMSE

0.63
4.20

0.72
3.66

0.75
3.30

0.46
5.12

0.65
4.13

D4N0108

Rˆ2
RMSE

0.46
1.63

0.59
1.42

0.71
1.00

0.52
1.53

0.61
1.39

D4N0112

Rˆ2
RMSE

0.60
4.08

0.71
3.38

0.73
3.32

0.71
3.67

0.77
3.01

The DT algorithm performed reasonably, achieving R2
scores of 0.68, 0.63. 0.46, 0.60 for sites D4N0053, D4N0115,
D4N0108 and D4N0112 respectively. The algorithm recorded
one of the lowest scores (0.46) for BH Site D4N0115. The
RMSE scores were greater compared to other models.
The RF tree also managed to perform sufficiently well
recording an accuracy of 0.72 for site D4N0115. The
RF model significantly outperformed the DT for BH sites
D4N0115, D4N0108 and D4N0112. RF models leverage the
power of multiple DT hence they normally outperform them
[41]. The RF model does not depend on the importance given
by one DT but instead chooses features randomly during
training. This makes the RF model a better candidate at
generalising new data (less overfitting) when compared to the
DT algorithm [41].
The SVR model was the worst performing for three of the
BH sites. The model recorded R2 scores as low as 0.46 and
high RMSE score of up to 5.12 for site D4N0115. These were
the lowest scores recorded throughput the modelling process.
Of all the five algorithms tested, the SVR model took the
second most computational time to build and obtained the
worst accuracies for three BH sites. The major disadvantage
of the model trained was the heuristic process of determining the optimal hyperparamters. To overcome this drawback,
gridsearch algorithm can be used as it considers all possible
parameter combinations and selects the ones which output the
highest accuracy. However, employing this method can be time
consuming and computationally expensive especially for larger
datasets.
These results indicate that the performance of the machine
learning algorithms to model groundwater level fluctuations is
reasonable and acceptable. Considering results for the RMSE
for each model shown in Table II, it can be seen that GB
provides the best simulation performance. The R2 scores
for this model are also the closest to the the ideal value.
Therefore for this study, the GB algorithm was selected as the
groundwater predictive model for the Grootfontein aquifer.
V. C ONCLUSION
Through comparison of different machine learning techniques, this paper demonstrated how the GB technique can

successfully predict short-term groundwater level changes in
the Grootfontein aquifer using temperature, precipitation and
discharge as model inputs. Though the combined feature set
achieved accuracies of up to 75% using the GB algorithm, it
was noted that not all the features in Table I provide an equal
contribution in predicting groundwater levels. Some features
had higher influence in one BH site while they had the lowest
influence in another site. However, from the results obtained
we identified the main factor driving changes in groundwater
levels from the given input variables to be discharge rates.
The calibrated model from this study could be used to predict
future groundwater levels based on expected precipitation during that period. This study has therefore shown that machine
learning models can be used for short-term climate change
predictions such as predicting future groundwater levels (12years) at the onset of a drought to determine the likely impact
of the drought on groundwater levels. This research is a good
motivation to perform longer-term forecasting for groundwater
levels in the Grootfontein aquifer.
Further research is needed to include other input parameters
that could influence groundwater levels in the aquifer such as
abstraction rates. Inclusion of these parameters could improve
overall model accuracy. This study focused on monthly prediction horizons for the given inputs hence it might also be helpful
for future studies to consider various prediction horizons such
as including daily, weekly, biweekly, and bimonthly prediction
horizons to increase model accuracy.
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