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Abstract—Water is a very important part of our lives, with
groundwater being identified as a viable source of supply. In
South Africa, groundwater is being used in the agricultural sector,
industrial sector and for domestic use. It is then imperative to
practice proper management of aquifers in the country. This
paper aims to investigate the use of deep learning models to
forecast future groundwater levels in the Grootfontein aquifer. A
method of using models made of two other models is proposed
to attempt and improve the predictive capabilities of RNNs and
compare the hybrid models to the benchmark model.The two
hybrid models proposed are formed by combining a GRU and
an LSTM and the other formed by a DBN and an LSTM.
The results show that the LSTM-GRU hybrid model is able to
forecast groundwater levels with improved performance over the
individual models. The DBN-LSTM model shows the importance
of accurate feature extraction as that is important in the hybrid
architecture of the DBN-LSTM. The individual RNNs showed
good scores in two boreholes and low scores in two others. This
paper provides supporting evidence that a hybrid model of RNNs
can perform slightly better than RNNs and the DBN can extract
extra information from features to improve the predictive abilities
of RNNs.
Index Terms—aquifer, hybrid, feed-forward neural network
recurrent neural network, deep belief network, long-short term
memory, gated recurrent unit

I NTRODUCTION
South Africa is a semi-arid country with an average rainfall of
less than 60 percent that of earth [11]. There exist an aquifer
located in the North West province of the country called the
Grootfontein aquifer [8]. The aquifer is very important for
water supply to the surrounding areas and other parts of South
Africa. Poor maintenance and governance of the aquifer could
threaten the country’s food security, land reform and economic
stability [8].
The groundwater levels(GWLs) within the aquifer recently
have dropped more than 20 meters below ground level [8].

This drop is mainly due to the over-abstraction in the surrounding area. It is then important that sustainable utilisation
of groundwater is practiced so that the aquifer is preserved.
This paper investigates the use deep learning models to predict
future groundwater levels in the Grootfontein aquifer.
Investigating deep learning methods to predict future
groundwater levels could be useful in maintaining and sustainably using the aquifer. Deep learning models have proved to
be able to model hydrogeological feature. It has been studied
that the use of recurrent neural networks(RNN) to forecast
groundwater levels in the Grootfontein aquifer [4] and have
concluded that they are a capable alternative to predicting
groundwater levels [7]. There has also been emerging work
on using a hybrid of neural networks to take advantage of the
different capabilities of neural networks.
In this research we aim to use two hybrid models, one made
of two recurrent neural networks (gated recurrent unit(GRU)
and long-short term memory(LSTM)) and another made of
a deep belief network(DBN) and an LSTM. The goal is to
attempt to improve the predictive abilities of RNNs. The
hybrids will be compared to the GRU, LSTM and FFNN,
which will be considered as the benchmark models they it has
performed well in other research for forecasting groundwater
levels [7].
This research will focus on four boreholes in the Grootfontein aquifer. The models are to be experimented over ten
trials and the average R2 scores and MSE scores will be
recorded for evaluation. This paper attempts to answer the
question that, Can a combination of neural networks improve
the accuracy in predicting GWLs.
The models showed predictive capabilities and LSTM-GRU
model showed to perform slightly better than the individual
RNN models when not similar. The DBN-LSTM model presented a performance that was not better than the benchmark
models but showed evidence that the DBN model can model
a feature input that improves the performance of the LSTM

in scenarios where the LSTM has poor performance when
applied on its own.
This study shows that a DBN model can engineer features
from the feature input that can be used in time series prediction
to improve the capabilities of time series models like the
LSTM and GRU. An alternative way of combining RNNs to
forecast GWLs is presented and it was showed to perform
better than the individual RNN models.
This paper is sectioned as follows: Section 1 will present the
contributions in hydrogeology using machine learning models;
Section 2 will introduce the study area; Section 3 will outline
the methodology of the research; Section 4 will discuss the
results obtained from research and Section 5 will conclude
the paper.
I. R ELATED W ORK
The use of machine learning models in hydrogeology has
resulted in proper management of groundwater resources all
over the world. Machine learning models have presented their
ability to model patterns in data and they are widely used to
predict unknown data. Artificial neural networks(ANNs) are
considered to be favoured in hydrogeology due to their ability
to model nonlinear relationships [12]. They have been used
to more than just forecasting groundwater levels, they have
been applied to forecast flood [3] and river discharge [12] and
proved ability.
To forecast groundwater levels in the Grootfontein aquifer
located in the North West provice of South Africa, a feed
forward neural network (FFNN) was used and it was compared
to an LSTM and a GRU([7], [12]). The models were used
under an investigation that consisted of scenarios that are
expected to impact GWLs ([7],[12]). Scenarios included the
presence and absence of groundwater abstraction, increased
temperatures and low and high precipitation [7].
The LSTM showed results that matched expectations in all
scenarios and when it has been applied to forecast future
GWLs on various boreholes in the area. It showed an average R2 score of 0.83 [7]. In a scenario that included the
use of GWLs of thirteen other GWLs of other boreholes,
precipitation, temperature and abstraction as input data, the
LSTM proved to be superior to the FFNN and the GRU. For a
scenario that only consisted of precipitation, temperature and
abstraction as input data, all the models showed very poor
results but with the LSTM maintained its superiority showing
its capabilities in time series data prediction. It had an R2 of
0.29 which is not very desirable [12] but was still higher than
that of GRU and FFNN.
A Gradient boosting(GB) tree has also been used to forecast
GWLs in the area and it also showed to be more capable than a
FFNN [10]. Regression models that have been investigated are
are: support vector machines(SVM), decision trees(DT) and
random forest. The choice of applying regression models in
GWL prediction was motivated by how they were not widely
used in hydrogeology [10]. The GB had an R2 score of 0.72
when tested on for different boreholes in the Grootfontein
aquifer.

To increase the predictive abilities of the FFNN for accurate
GWL prediction, different back-propagation algorithms have
been implemented to forecast GWLs in the Aghili plain,
located in north east Khuzestan province of Iran [2]. An
algorithm called the Levenberg marquardt(LM) was developed
an it showed impressive prediction accuracy with an MSE
score of 0.00795.
Another attempt to for an accurate prediction of GWLs,
hybrid models have been developed to combine the capabilities
of different models. In the Jiuquan basin of Gansu province,
northwest China, a study was conducted which utilised a
hybrid model made of a complete ensemble empirical mode
decomposition with adaptive noise(CEEMDAN) and a DBN
[19]. CEEMDAN is considered a data decomposition model
that reduces complex nonlinear features (eg., GWLs) to features with less noise and better stability [19]. GWLs, temperature and precipitation were used as model inputs in the
study.
After the data decomposed, the output is fed into a DBN.
This creates an advanced form of the DBN. The CEEMDAN
was able to forecast GWLs with an R2 score of 0.85 three
months into the future [19]. DBNs can model the nonlinearity
of GWLs and extract features from a low level to a high level
and the model was also chosen for investigation to forecast
groundwater levels[19].
The common features used forecast GWLs are GWLs of
the surrounding areas, precipitation, regional abstraction, river
discharge and temperature. Relative humidity and evaporation
are interesting choices that have also been used in addition to
the batch of features to forecast GWLs [2].
There are studies that show that hybrid modelling is an
effective alternative to improve the predictive abilities of time
series models. The LSTM model is a robust time series model
that has been applied in various plains to predict GWLs and
it sets the benchmark for many other models that aims to
improve time series prediction.
The studies concluded that neural networks are a capable
alternative in GWL prediction. RNNs were able to model
the complexity of groundwater levels better than FFNNs and
they have been regarded as the benchmark for time series
prediction.
II. M ETHODOLOGY
The hybrid models will be developed by combining two
models. The first hybrid will consist of a GRU and an LSTM,
and the second consisting of a DBN and an LSTM model.
Each model will be trained and then tested on four boreholes
and then evaluated and the results will be compared to the
benchmark models: GRU,LSTM and FFNN. R2 and MSE
will be used to evaluate models. The process will firstly train
models over training data and secondly will forecast GWLs 5
years in advance.
A. Study Area
The area of focus is located in South Africa’s North West
province (see figure below). The area stretches for about

5000km squared from the Gauteng province to the border to
Botswana [8]
The aquifer is no longer a reliable source mainly due to
over-abstraction caused by increased irrigation. The increase
in irrigation processes is also explained by the drought period
experienced in the country [9].
The average temperature is 22 to 34 degrees in hot seasons
and 2 to 16 degrees in cold seasons and recharge is 500mm
annually [7].

this research are labelled as BH0053, BH0065,
BH0146.
Mutual Information
Borehole Temp
Precip.
Disch
BH0053 0.025
0.30
0.36
BH0065 0.026
0.25
0.46
BH0126 0.025
0.29
0.44
BH0146 0.062
0.28
0.58

BH0126 and
Abstr.
0.52
0.65
0.64
0.66

The table above shows very low MI scores for temperature
and precipitation with values ranging between 0.02 and 0.05.
Abstraction has a higher MI score showing the most influence
on GWLs with a score of 0.66 for borehole BH0146.
D. Models
In this paper four ANNs are utilised. The models are DBN,
GRU LSTM and FFNN.

B. Data Acquisition and Pre-processing
Data utilised in this research was obtained from the Department of Water and Sanitation, African Weather Service and
the Water Authorization and Registration Management System
[7]. The data was semi-processed and further pre-processing
was performed to bring data into a condition that is useful for
predicting time series data with deep learning models.
Hydrogeologically, a time lag is expected between rainfall
and discharge and there was a time lag of two months between
these variables [12].The data was also not stationary and it
was made stationary by using the Augmented Dickey-Fuller
test (ADF). The ADF is a procedure for testing the presence
of a unit root [5].
C. Features Analysis
Four boreholes which had the most information were selected from the acquired data. Data includes GWL data,
temperature, precipitation, river discharge and abstraction data.
GWLs are measured meters below ground levels(mbgl) and
this feature will be the target feature. Temperature is recorded
as degrees Celsius and rainfall is recorded in millimeters(mm).
All features are expected to have an effect of GWLs which is
the reason they were selected in this research.
Using mutual information, It is discovered that the aquifer is
highly affected by abstraction, with river discharge coming
second and then precipitation. Temperature showed a small
effect on ground water levels, through domain knowledge, it
is expected for temperature to have an effect on GWLs.
All features will be used during modeling since mutual
information only tells us how much information about the
target variable is obtained from the features. Boreholes in

1) DBNs are a stack of Restricted Boltzmann Machines
(RBMs) [1]. The RBMs have an input layer for the
features and a latent layer that learns how to represent
features. For the overall structure of a DBN, the hidden
layers of one RBM are a visible input layer for the next
RBM. They involve an unsupervised pre-training process
of learning weights layer by layer and a supervised finetuning training procedure.
The disadvantage of using DBNs is that there is no
interconnectedness between neurons. In this research,
two RBMs were used each with thirty neurons that use
ReLu as an activation function. The RBM can be used
to estimate the ‘features of the features’ of the input data
[6].
a) First, an RBM is trained with parameters are fixed.
It is trained by a contrastive divergence (DC)
which updates all hidden units and then updates
the visible units to form reconstruction samples
by the model [16]. Hidden units are updated by
p(h0j = 1|v0 ) = 1+exp(−(cj1+P wji vi ))
j

and visible units are updated by

p(v1i = 1|h0 ) =

1P
1+exp(−(bi + i h0j wji ))

where v0 is the sampling for visible layer and h0j
is the sampling for the hidden layer. v1 i is the
reconstructed visible samples by the model.
b) After training a new RMB is stacked on top of
the previously trained RBM and the first step is
repeated.The output of the current RMB is the
input of the next RBM.
c) When all the RBM models have been trained, fine
tuning is carried out by back-propagation to update
weights of each layer[16]. In this research, ReLu
is the activation function used. The structure of a
DBN is further described by the following figure
where it consists of two RBMs:

which is an extension of gradient descent.
The vectors of the gates of an LSTM model are defined
by:
a) Zi = ϕ(Wxi xt + Whi ht−1 + Wci ct−1 + bi )
b) Zf = ϕ(Wxf xt + Whf ht−1 + Wcf ct−1 + bf )
c) Zo = ϕ(Wxo xt + Who ht−1 + Wco ct−1 + bo )

2) GRUs are recurrent neural networks (RNN) consisting
of a reset gate and an update gate. The reset gate
assesses how much previous information is forgettable
while the update gate monitors how much information
from the previous steps is required in future steps [9].
The mathematical model of GRU is:
a) Zt = ϕ(Wz Xt + uz ht−1 )
b) rt = ϕ(Wr Xt + ur ht−1 )
where Zt is the operation done by the update gate and
rt is the operation done by the reset gate
3) Long Short-Term Memory networks (LSTM) are also
RNNs. They are similar to GRUs [12] but are also special because they can model time series characteristics
and save information from previous intervals [7]. They
are made up of three layers: an input layer, one hidden
layer and an output layer. LSTM models are considered
to have memory blocks and they reside in the hidden
layer.
There are three gates in each block, an input gate, output
gate and the forget gate [7]. The input, output and forget
gates control the input, output and continual time series
characteristics respectively. Below is a structure of one
cell in an LSTM model [18].
Given an input x = (x1 , ..., xr ), LSTM calculates the
hidden layer vector sequence h = (h1 , ..., hr ) and the
output vector y = (y1 , ..., yr ) iterated from 1 to t [17].
a) ht = ϕ(Wxh xt + Whh ht−1 + bh )
b) yt = ϕ(Why ht + by )

where W is the weight matrix which means that
Wxh is the hidden weight matrix of the input. b is
the term for biases and ϕ is the RMSprop optimiser

where Zi , Zf and Zo represent the input gate, forget
gate and output game respectively [17].
4) The first proposed hybrid model will be made of a GRU
and an LSTM in aim to benefit from all the gates of
both networks. The input vector is passed to the GRU
and then get an output which will be used as an input
to the LSTM model.
5) The second hybrid model is comprised of an unsupervised DBN and an LSTM. The goal is to take advantage
of the DBNs ability to model abstract features [6] and
the LSTMs ability to model time series data and capture
information from previous steps. Fitting data to an RBM
allows us to use the fitted model to perform a non-linear
transformation on the input vector and produce an output
that will be used as input to for the LSTM model. The
RBMs will create an equal number of features as there
are neurons in each layer of the RBM, which is fifty.
E. Evaluation
The performance of models was evaluated using the Mean
Squared Error method (MSE) and coefficient of variation R2 .
The reason for choosing the MSE is because of its popularity
in evaluating models trained under supervision. The MSE
measures the difference between predicted values and actual
target values.
The R2 , measures the correlation between a model and the
target variable and is calculated by taking the ratio between
the variance explained variance of and total variance. In order
to accept our hypothesis, the hybrid model should produce the
highest R2 and the lowest MSE value comparison to our other
models.
F. Ethics Clearance
Ethics considerations were not required for this study. Data
was acquired freely[7].
III. R ESULTS AND D ISCUSSION
In the table below, R2 scores for the neural networks and
the hybrid models are presented. The results show evidence
how similar the GRU is to the LSTM as they were performing
relatively the same. The hybrid model of the GRU and the
LSTM proved to be performing at an average of the two
models if not better. This hybrid model seems to be able to
take advantage of all the gates that exist between the GRU
and the LSTM model.

BH

DBN

B53
B65
B126
B146

0.59
0.51
0.23
0.52

R2 Scores
LSTM GRU FFNN LSTMGRU
0.81 0.75 0.71
0.82
0.52 0.51 0.49
0.54
0.54 0.61 -0.87 0.26
0.06 0.16 0.02
0.16

DBNLSTM
0.62
0.49
-1.52
0.33

The GRU and the LSTM scored an average R2 score
of 0.51 and 0.48 respectively. GRUs seemed to be able to
predict GWLs slighly better than LSTMs. FFNN model looked
capable in borehole BH0053 and BH0065 with R2 scores that
are very closed to the LSTM and the GRU. The DBN model
could not perform better than the three benchmark models in
boreholes BH0053 and BH0065 but its application to borehole
BH0146 showed to be superior to the benchmark models with
an R2 score of 0.52.
The performance of the DBN-LSTM hybrid model seems to
be very dependent on how well the DBN can model the input
features that are going to be fed into the LSTM. If it fails
to accurately model the features, the overall model will have
low performance. This is seen on the application of models on
borehole BH0126 and BH0146. In BH0126, the DBN could
not accurately model features which resulted in a low R2 from
the LSTM of the hybrid model.
In BH0146, the DBN represented the feature input slightly
better which improved the performance of the LSTM from an
R2 score of 0.06 to 0.33.
The MSE records below also show that the DBN-LSTM
hybrid model had higher errors than the RNNs. The RNNs
produced predictions that are very close to the true groundwater levels
BH

DBN

B53
B65
B126
B146

0.33
0.03
0.06
0.76

MSE Scores
LSTM GRU FFNN LSTMGRU
0.15 0.20 0.16 0.14
0.03 0.03 0.04 0.02
0.04 0.03 0.1
0.05
1.47 1.32 1.54 1.32

DBNLSTM
0.31
0.03
0.18
1.06

Below are figures for how the models predicted GWLs
against the real GWLs.

The shaded area around the prediction plot of a model
represents the standard error of the model. The DBN-LSTM
model predictions show to be the furthest from the true GWLs.
This is also evident in the R2 scores table where the hybrid
model has the lowest scores and the highest MSE scores in
the MSE scores table. In borehole BH0146, the FFNN model
shows the highest error with the large shaded area.
The LSTM-GRU is making GWL predictions that are
similar to the GRU, LSTM and FFNN in boreholes BH0053
and BH0065. The GWL predictions are also close to the true
GWLs. GWLs in BH0053 and BH0065 were predicted six
years into the future and in BH0126 and BH0146 they were
predicted five years into the future.
The research provides alternative approaches to improve
GWL prediction and evidence that a combination of ANNs
is able improve the capabilities of the individual models. It
also shows that a DBN model can model nonlinear data and
extract extra information from features that can be used in
time series modelling.

IV. C ONCLUSION
The purpose in this investigation was to explore how much
better hybrid models can improve in performance from their
individual build models. The aim was to subject a LSTMGRU hybrid model and a DBN-LSTM model to predicting
groundwater levels in the Grootfontein aquifer and compare
them to the LSTM model, GRU model and the FFNN model,
which were regarded as the benchmark models. Although
the hybrid models proved predictive capabilities in boreholes
BH0053 and BH0065, the models struggled to forecast GWLs
in boreholes BH0126 and BH0146.
The LSTM and the GRU models had an average R2 of
0.48 and 0.51 respectively, while their hybrid model scored
0.45. Although the averages present the individual models as
the better models, how the models performed on boreholes
BH0053 and BH0065 show that the hybrid model is able to
do slightly better than the individual models. The DBN-LSTM
hybrid model depended on how well the DBN model could
extract extra information from the feature input.
Where the DBN failed to accurately extract extra features,
the overall model resulted in poor performance as seen on
borehole BH0126. When the model extracts features slightly
more accurately, the new feature input seems to be able to
improve the performance of the LSTM model, as seen on
borehole a borehole where the benchmark models struggled,
BH0146.
The LSTM-GRU model was able to perform better than
the benchmark models on boreholes BH0053,BH0065 and
BH0146 and failed to do better on borehole BH0126. The
DBN-LSTM model was rather unable to perform better than
the benchmark models in all boreholes.
This study has therefore shown that a combination of deep
learning networks does improve the predictive abilities of
individual models in forecasting GWLs. This answers the
question that: Does a combination of ANN improve the
abilities of the individual ANNs in predicting GWLs?. Future
investigation may include maintaining the time series qualities
of the data when doing feaure engineering with DBNs so that
the RNNs can perform better in the hybrid architecture and to
also explore more combinations of ANNs.
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