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ABSTRACT
This study proposes two techniques: Deep Learning (DL) and Ensemble Deep Learning (EDL) to pre-
dict groundwater level (GWL) for five wells in Malaysia. Two scenarios were proposed, scenario-1
(S1): GWL from 4 wells was used as inputs to predict the GWL in the fifth well and scenario-2 (S2):
time series with lag time up to 20 days for all five wells. The results from S1 prove that the ensem-
ble EDL generally performs superior to the DL in the estimation of GWL of each station using data
of remaining four wells except the Paya Indah Wetland in which the DL method provide better esti-
mates compared to EDL. Regarding S2, the EDL also exhibits superior performance in predictingdaily
GWL in all five stations compared to the DLmodel. Implementing EDL decreased the RMSE, NAE and
RRMSE by 11.6%, 27.3% and 22.3% and increased the R, Spearman rho and Kendall tau by 0.4%, 1.1%
and 3.5%, respectively. Moreover, EDL for S2 shows a high level of precision within less time lag,
ranging between 2 and 4 compared to DL. Therefore, the EDL model has the potential in managing
the sustainability of groundwater in Malaysia.
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1. Introduction

Groundwater, found beneath the ground surface, is an
essential natural water resource inmany countries world-
wide. It stores within voids within geologic formations of
soil and rock, called aquifers. Groundwater depends on
various activities and necessities such as drinking water
supply, irrigation, industrial processes, and a source of
recharge for water streams (Pourghasemi et al., 2020).
The amount of groundwater resources must always be
monitored to determine the overuse or depletion of
groundwater. The amount of groundwater resources is
best indicated by measuring GWL, which is the point
below the ground surface where soil or rock is satu-
rated due to water presence. Due to the heavy reliance
on groundwater, this water resource needs to be man-
aged to ensure a sufficient and consistent daily sup-
ply. As technological advancements continuously change
the world and improve numerous processes in differ-
ent engineering fields, artificial intelligence is being
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studied and developed to predict GWL in order to
enhance groundwater resource management (Demirci
et al., 2019).

GWL, an indicator of the amount of groundwater
available in an aquifer, is affected by climatic factors
and human activities (Li et al., 2019). The extraction of
groundwater for purposes such as freshwater supply, irri-
gation, industrial development, and urbanization causes
groundwater reserves reduction in aquifers, resulting in
a drop in GWL. Over extraction and mismanagement
of groundwater for domestic, urban, agricultural, and
industrial supply induces several major dilemmas such
as water scarcity, deterioration of water quality, reduc-
tion of crop yields, land subsidence, and reduction in
water stream recharge sources. The overuse and mis-
management of groundwater are typically caused by a
rapid growth of a groundwater-dependent population
and a high industrialization rate (Hoque & Adhikary,
2020).
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The dynamic nature of groundwater systems causes
them to continually respond to variance in weather,
groundwater extraction, and land purpose (Demirci
et al., 2019). It has been suggested that a strategy in man-
aging groundwater resources depends on several factors,
including the availability and accessibility to accurate
data, financial aid, and policy structuring and application
(Yadav et al., 2017). However, another required compo-
nent in managing groundwater resources is the accu-
rate forecasting of GWL (Yang & Tsai, 2020). A good
and dependable monitoring system capable of predict-
ing GWLs is crucially needed for effective groundwa-
ter preservation and conservation, especially in arid and
semi-arid areas that are prone to droughts. An accu-
rate and reliable GWL prediction system would help
in the short-term and long-term planning of sustain-
able groundwater extraction as well as storage. Precise
GWL prediction can also aid in identifying factors that
affect groundwater charge, discharge, and storage, and
optimize infrastructure operations (Kenda et al., 2020).
Through optimal consumption and proper organization
of groundwater resources, environmental issues such as
drought, floods, famine, and landslides, can also be miti-
gated or even avoided altogether.

Over the years, there have beenmanyGWLprediction
techniques proposed to help in groundwater resource
management. However, groundwater flow’s complex,
dynamic, and heterogeneous nature make accurate and
comprehensive simulations challenging (Chang et al.,
2016). With various groundwater data accumulated over
a long-time duration and an extensive spatial disper-
sal, namely advanced technology such as remote sensing,
selecting the best method to analyze them is not a simple
task (Takafuji et al., 2019).

2. Literature review

In previous years, many studies were conducted on
GWL prediction using physical-based and conventional
models. Sahoo and Jha (2015) studied multiple linear
regression (MLR) as a modeling tool to forecast the
GWLs in unconfined aquifer systems. This study demon-
strated that the MLR models developed predicted GWLs
with reasonable accuracy and can be used as a cheap and
simple GWL modeling tool in inadequate data. How-
ever, a limitation regarding this method was that MLR is
unable to deal with any non-linearity between inputs and
outputs of the model, which is a common case in relation
to physical-based models. In a more recent study, Yousefi
et al. (2019) utilized MATLAB to perform a ten-year-
long prediction of GWLs in Karaj, Iran. The formulation
used was MODFLOW2005-NWT, a standalone program
that improves the solutions of unconfined groundwater

flow problems. GWL modeling was performed for three
scenarios, which are optimistic, pessimistic, and contin-
uing. Regarding this method, (Yadav et al., 2020) states
that the large number of parameters required to depict
all the groundwater system’s physical operations makes
GWL forecasting complex.

On top of that, the uncertainty of data involving
hydrology, geology, topography, meteorology, and cli-
mate, further complicate the calibration and validation
of numerical data (Barzegar et al., 2017). Thus, physical-
based models need both a significant amount of time
and large datasets to be constructed, which make it chal-
lenging to use for GWL prediction since non-linear rela-
tionships are existing between variables in a groundwa-
ter system as well as in other hydrological systems that
need significant amounts of data to simulate (Osman
et al., 2021). Therefore, machine learning (ML) tech-
niques have recently been adopted by many researchers
for the purpose of overcoming the limitations of physical
models (Lai et al., 2019).

ML techniques are growing in importance every day
because of the ability to independently adapt to new data
and learn from its previous calculations to produce reli-
able and even accurate predictions (Alizamir et al., 2020).
For example, differentMLmodels proved to be reliable in
mapping groundwater salinity (Mosavi et al., 2021b) and
used for groundwater hardness susceptibility mapping
(Mosavi et al., 2020).

Huang and Tian (2015) applied and made a com-
parison on the usage of three different models, which
were an artificial neural network (ANN), a support vector
machine (SVM), and anM5T, to predict GWLs in China.
Using daily data of hydrological and meteorological vari-
ables as inputs, the results demonstrated that the M5T
model displayed superior performance during the testing
period, with the SVM model producing the least accu-
rate results among all the models. The study concludes
that all three models were found to produce acceptable
results based on the high correlation efficiency, however,
the models had some discrepancies in matching several
peak events. A similar finding is reported by (Sattari et al.,
2018); in their study, they found that SVM and M5 deci-
sion trees are capable of capturing the water level changes
of groundwater with an acceptable level of precision.

In addition to that, an artificial neural network (ANN)
was used to capture groundwater level fluctuation in
semi-arid regions (Choubin & Malekian, 2017). Sham-
suddin et al. (2017) used ANN paired with the Leven-
berg Marquardt (LM) optimization algorithm to predict
a shallow aquifer’s daily GWLs in Selangor, Malaysia.
Using 1,2,3, and 4 days delayed GWLs data as the model
input, it was shown that the ANN models developed
produced good results as indicated by the correlation
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coefficient analysis, coefficient determination, and root
mean square error (RMSE). The study states the advan-
tage of this study’s GWL prediction model as the ability
of the model to produce satisfactory results with limited
GWL records and data.

Takafuji et al. (2019) applied a geostatistical method
using sequential Gaussian simulation (SGS) to predict
GWLs at 49 monitoring wells in Bauru, Brazil. The study
compared the conventional geostatistical method using
SGSwith a standaloneMLmodel, whichwas a time series
method using an autoregressive integrated moving aver-
age (ARIMA), in GWL modeling. It was determined the
ARIMAmodel wasmore accurate and precise at forecast-
ing GWLs for short-term periods compared to the SGS
model.

Recently, a novel ML algorithm, namely Bayesian reg-
ulized neural networks, has been developed to model the
groundwater level in theMahabad aquifer, Iran (Choubin
et al., 2020). Using ML algorithms to predict the GWL,
the previous studies showed thatML algorithms aremore
capable compared to physical-based techniques. How-
ever, using stand-aloneML algorithmsmay result in vari-
ability of the model’s prediction performance, primarily
when used to predict GWL at multiple lead times (Yadav
et al., 2017). Thus, new approaches of combining differ-
ent ML algorithms have been developed to stabilize the
models’ performance and increase prediction accuracy.
For example, various ensemble models were developed
for groundwater level prediction (Mosavi et al., 2021a).
Among different ensemble learning methods, the gradi-
ent boosting model XGBoost is the most potent model
(Osman et al., 2021).

Kouziokas et al. (2018) conducted a study in Pennsyl-
vania to predict GWLs using a feedforward ANN paired
with different types of optimization algorithms, which
were resilient backpropagation (RB), LM, Scaled Conju-
gate Gradient (SCG), and BFGS Quasi-Newton (BFGS-
QN). This study finds that all models produced sufficient
GWL forecasting accuracy. However, the ANN paired
with the LM algorithm produced superior GWL predic-
tions as opposed to the other optimization algorithms.

Li et al. (2019) used a feedforwardANNpairedwith an
artificial bee colony (ABC) algorithm to predict GWLs
in arid areas of Northwest China. The model’s results
were compared with that of particle swarm optimization,
genetic algorithm, and a regular feedforward NN. The
comparison showed that the ANN paired with the ABC
algorithmproducedmore accurate predictions compared
to the other models. The ABC algorithm was concluded
to considerably improve the accuracy, convergence rate,
and stabilization of a regular feedforward ANN. How-
ever, the study suggests that further investigation is
needed on the usage of ABC-paired ANN regarding the

forecast of daily GWLswhere data is limited; the relation-
ship between varying impact factors and GWLs; and the
usage of the model in other hydrological fields.

Banadkooki et al. (2020) utilized three ML models,
a model using RBFNN paired with whale algorithm, an
ANN paired with whale algorithm, and a standalone
genetic programmingmodel to predict GWLs. At the end
of the study in Yazd, Iran, it was determined that the
model using ANN paired with the whale algorithm pro-
duced the best results. The whale algorithm was stated to
have several advantages: combining with different appro-
priate optimization algorithms, having a high rate of con-
vergence, and being able to be applied in problems with
a large multivariance.

Recently, Yadav et al. (2020) performed a study to
compare GWLs using singular spectrum analysis (SSA),
mutual information theory (MI), genetic algorithm
(GA), ANN, and SVM. Two types of hybrid models con-
sist of SSA, MI, GA, and ANN (SSA-MI-GA-ANN); and
SSA, MI, GA, and SVM (SSA-MI-GA-SVM), are used
for GWL prediction alongside their non-hybrid coun-
terparts, which are regular standalone ANN and SVM
models. The hybridmodels of ANNand SVMwere called
HANN and HSVM, respectively. The findings show that
the GWL simulations using HANN and SVM models
are significantly better than the standalone ANN and
SVMmodels, withHSVMdeemed superior in predicting
GWL fluctuations. However, a weakness in all the mod-
els identified was that predictions for 2-months were less
accurate, especially under the standalone ANN and SVM
models.

Choubin and Rahmati (2021) developed a hybrid
model to map the groundwater in Iran using simulated
annealing SA as an optimizer to improve the accuracy
of the ML model, random forest RF. They found that
the proposed integrated model is capable of mapping the
groundwater with an acceptable level of accuracy.

While one of the main problems recurring in past
standalone ML studies for GWL prediction was that the
standalone ML models were less competent in consider-
ing anomalous events such as droughts (Huang & Tian,
2015; Kenda et al., 2018), such problem is also reported
in studies on the usage of hybridML techniques for GWL
prediction (Huang et al., 2017). It is stated that the cause
of this problem is that GWL time series length is not suffi-
cient and the input is univariate (Kenda et al., 2018). Fur-
thermore, In Malaysia, the models studied and showed
to best predict GWLs are hybrid ANN models coupled
with the Levenberg-Marquardt optimizer (Khaki et al.,
2016; Shamsuddin et al., 2017). The issue discovered
with the Levenberg-Marquardt optimizer is that it con-
verges in all spaces but relatively slow, causing training
to take a relatively long time to achieve the performance
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goal (Chitsazan et al., 2015). Thus, to maintain predic-
tion accuracy and low training time, tree ensemble and
deep learning (DL, a subset of ML) techniques have been
recreationally utilized. For example, Yadav et al. (2017)
Employed an extreme learning machine (ELM), a DL
technique, and SVM to forecast GWL at two observa-
tion wells in British Columbia, Canada, using a monthly
data set rainfall, temperature, evapotranspiration, and
GWL as input. Their results showed that past GWL data
are very important for accurate forecasts. Furthermore,
the ELM model was able to forecast the monthly GWL
more accurately compared to the SVM model. Another
study conducted in Vizianagaram, India, by Natarajan
and Sudheer (2020) was performed to compare the usage
of different standalone, hybrid ML, and DL models in
predicting GWLs. The standalone techniques used were
ANN, GP, SVM, the hybrid techniques were a combina-
tion of SVM and quantum particle swarm optimization
(QPSO), and a combination of SVM and radial basis
function (RBF), while ELM was used as the DL tech-
nique. The hybrid techniques were called SVM-QPSO
and SVM-RBF respectively. At the end of the study, it was
observed that ELM model achieved the highest predic-
tion accuracy, followed by SVM-QPSO.

Many researchers proposed the recurrent neural net-
work as a reliable model for time series problems. How-
ever, one of the limitations of RNN suffers fromvanishing
and exploding gradients, which lead to problems during
the training phase (Takeuchi et al., 2020). To overcome
this problem, long short-term memory was developed.
Despite that, LSTM has many drawbacks, for instance,
the overfitting problem (Baek & Kim, 2018), computa-
tionally expensive (Bryngelson et al., 2020), and incon-
sistent performance when using various initial weight
values(Massaoudi et al., 2021).

Considering obtaining accurate predictions outweighs
the need to comprehend the actual physical operations
in the groundwater system (Lohani & Krishan, 2015; Li
et al., 2017). Using DL techniques to predict GWL was
shown to achieve high accuracy compared to standalone
and hybrid ML modeling techniques.

However, only a few studies utilized DL and Ensemble
Deep Learning (EDL) techniques. Therefore, this study
aims to investigate the robustness of the EDL technique
in predicting the changes in the level of groundwater, one
day ahead, in five different wells located in Selangor state,
Malaysia. The developed EDL models will be compared
with DL models to examine the level of accuracy. Dif-
ferent scenarios will be explored. Scenario one (S1) is to
predict the groundwater level from one station based on
themeasured values of the water level from the other four
stations. For this scenario, 10 models will be developed
(5 DL and 5 EDL). For scenario two (S2), each station’s

historical time-series datawill be used to develop the pro-
posed models where different time lag (1-day to 20-day).
For this scenario, a total of 200 models will be developed.
13 statistical indices will be introduced to examine the
proposed model’s reliability. Different graphical analy-
ses will be performed, such as hydrograph, scatter, and
marginal histogram plots.

3. Deep learningmodel

The artificial neural network (ANN) model was based
on the human brain’s biological neural networks (Najah
et al., 2011). It includes a layer of interconnected neurons
that were used for transmitting signals. However, unlike
the earlier neural networkmodels, the DLmodel displays
better generalization, training stability, and scalability
using big data. As it shows a better performance against
different problems, it was regarded as the best algorithm
which could achieve higher predictive accuracy (Candel
et al., n.d.).

The neuronal structure presented in Figure 1 included
the primary unit in the network. This acted as human
neurons. In humans, a varying strength of the neurons’
output signals traveled along the different synaptic junc-
tions. Then, they got aggregated as input for activat-
ing the connective neurons. In this model, the weighted
value,α = ∑n

i=1 wixi + b for the input signals were com-
bined. Then, the output signal f (α) was transmitted by
all connective neurons. Function f describes the non-
linear activation function that was used in the network,
while bias b represented the activation threshold for the
neuron.

Figure 2 presents the multi-layered feed-forward neu-
ral network (MLP-NN), which consists of many layers.
Layer 1 includes an input layer that matches the fea-
ture space and is followed bymultiple nonlinearity layers.
The final layer includes an output layer that matches the
output space.

This primary architecture of the multi-layered neu-
ral networks will be used for carrying out the necessary
DL tasks. The DL frameworks are regarded as models for

Figure 1. A single neuron receiving weighted inputs.



1424 H. A. AFAN ET AL.

Figure 2. Multi-layer perceptron (MLP-NN) basic Architecture.

hierarchical feature extraction, containing many nonlin-
earity levels. DL models have been shown to learn useful
representations of raw data and perform well in deal-
ing with complex engineering problems related to water
resources management (Van et al., 2020).

4. Ensemble deep learningmodel

Bootstrap Aggregating (Bagging) is seen to be a Machine
Learning (ML)-based meta-algorithm that could be used
for improving the classification and the regression mod-
els with regards to their classification accuracy and sta-
bility (Pham et al., 2019). This model decreased the
variance and prevented overfitting. Though it is gen-
erally used for decision tree models, it is compatible
with several other model types. The idea of the bag-
gingmodel (averaging for the regression problemshaving
a continuous dependent variable of interest) is useful
to predictive data mining. This combined the predicted
classification (prediction) from various models or sim-
ilar model types that are used for learning data. This
model can be used for addressing the inherently unstable
results noted when using complex models for a smaller
data set (Dou et al., 2020). Presume that the data mining
task involves building a model for predictive classifica-
tion, where the dataset used for training the model (i.e.
the learning data set that contains an observed classi-
fication) was small. The researcher can constantly sub-
sample (using replacement) from this dataset and use a
tree classifier (like CHAID) for the subsequent samples.
Practically, different trees are grown for different samples,
which indicates the uncertainty of the models noted in
smaller datasets. One technique that is used for deriving
the single prediction (for newer observations) included
the use of all trees for the different samples and thereafter
applying a simple voting process. Different trees predict
the final classification. It should be noted that some of the

weighted combinations of predictions (i.e. weighted vote
or weighted average) could be derived and used. For the
regression problems, the bootstrap aggregating has a sim-
ilar procedure to produce a sub-set for samples based on
the sampling rate and the number of iterations then all
these sub-set delivered to the subDLmodels to be trained
individually. The final step is the aggregating by taking
the mean predictions of models.

Ensemble Theory: Bagging is seen to be an ensem-
ble technique. The Ensemble technique applies several
models for acquiring a better predictive performance
compared to what can be derived from the constituent
models. An ensemble refers to a technique that combined
several weak learners for developing a stronger learner.
Evaluation of the prediction of the ensemble needs higher
computation than the evaluation of one model. Hence,
the ensembles are regarded as a technique that compen-
sates for the poor learning algorithms (Yariyan et al.,
2020).

Ensemble learning is a supervised learning algorithm
in which multiple learning algorithms can be com-
bined to make predictions. The trained ensemble rep-
resented one hypothesis. However, this hypothesis was
not included in the hypothesis space of different models
from which it was developed. Hence, ensembles dis-
play higher flexibility of functions that they represented.
A few ensemble techniques (like bagging) decrease the
issues related to the over-fitting of training data (Dou
et al., 2020); hence, in this study, bagging techniques are
developed to predict groundwater fluctuations.

5. Materials andmethods

5.1. Case study

Selangor is a province that is located on the west
coast of Peninsular Malaysia. It is one of Malaysia’s
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warmest states, with high humidity and high temperature
throughout the year. As the largest state economically,
Selangor contains different industries that operatewithin.
It is considered one of the country’s states with multiple
dry spells and faced severe water crises in the past. This
study focuses on the southern part of Selangor, shown in
Figure 3.

The study was conducted to predict the GWLs in five
wells Jenderam Huzaifah (BH01), Bangi Lima (BH02),
Beranag (BH03), Anak Yatim (BH04), and Paya Indah
Wetland (BH05), which are located in different towns
within Selangor (Jenderam, Bangi, Beranag, Kajang and
Paya Indah Wetland) respectively. Two modeling tech-
niques, DL and EDL, are applied to improve GWL esti-
mation. To predict the groundwater levels, two scenarios
are proposed, first scenario (S1): the 4 inputs are theGWL
of the 4wells (at the same point in time), and the output is
theGWLof the remainingwell (at the samepoint in time)
and second scenario (S2): time series with lag time up to
20 days of GWL records in advance are used as inputs
to predict the next day of GWL for all five wells indi-
vidually. Table 1 shows summary statistics of the GWL

in the wells under study which are used as an input for
the models. This input data was normalized using the
Z Transformation method, which is also called statisti-
cal normalization. The above normalization can subtract
the average value from the data and divides it by standard
deviation. The data used in this study was measured on a
daily basis from2017 untilmid of 2018. the dataset will be
divided into two subsets: 70% of the dataset will be used
to train the proposed models, while 30% will be used to
test the proposedmodels’ reliability. The data for all wells
were taken at the same time period started at 20 October
2017–22 July 2018. The total record is 276, first 70% (194
records) taken as a training set from 20October 2017 to 1
May 2018 and 30% (82 records) taken as testing set from
2 May 2018 to 22 July 2018.

5.2. Models development process

In this study, with regards to the development ofDLmod-
els, a supervised protocol will be used for the pre-training
phase in developing the DL model during the initializa-
tion step. Mean square error (MSE) will be used as a loss

Figure 3. Map of the study area, showing the location of the observed wells.
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Table 1. Descriptive statistics of theGWL in thewells under study.

Statistical parameter BH01 BH02 BH03 BH04 BH05

Mean 17.10 15.307 16.363 13.996 16.389
Standard Error 0.027 0.018 0.008 0.014 0.0103
Median 17.065 15.23 16.35 13.92 16.34
Mode 17 15.17 16.37 13.85 16.26
Standard Deviation 0.449 0.299 0.135 0.228 0.171
Sample Variance 0.202 0.089 0.018 0.052 0.029
Kurtosis −0.777 2.966 0.013 4.458 −0.912
Skewness 0.331 1.596 0.476 1.826 0.486
Range 1.83 1.6 0.68 1.57 0.64
Minimum 16.37 14.91 16.08 13.65 16.12
Maximum 18.2 16.51 16.76 15.22 16.76

function to choose the best model after examining dif-
ferent activation functions. Lasso and ridge techniques
will be used for regularization purposes to avoid the pro-
posed model from the overfitting problem. And finally,
the grid searchmethodwill be used for hyper-parameters
optimization.

Regarding the development of EDL, Bagging tech-
nique is used to predict groundwater levels. Three steps
will be used to develop this model. The dataset will be
divided into a smaller subset, which is called the Boot-
strap sample. The second step is where the bootstrap
samples will be used to train the Machine Learning (ML)
algorithms. The sampling rate used to be 0.1 and the
number of iterations is 50 where a higher number of iter-
ations and less sampling rate may cause more time con-
suming for training. Thus, 50 sub-deep learning models
are created. The final step will be the aggregation, where
it will be used to generate all possible outcomes and

Table 2. Parameter setup for DL and EDL.

Parameter Set

Activation function Exp Rectifier Momentum
ramp

1,000,000.0

Hidden layer sizes 50,50 Momentum
stable

0.0

Reproducible_
(uses_1_thread)

false Nesterov
accelerated
gradient

True

Use local random
seed

false Standardize True

Local random seed 1992 L1 1.0E-5
epochs 100.0 L2 0.0
Compute variable
importance

false Max_w2 10.0

Train samples per
iteration

−2 Loss function Automatic

Adaptive rate true Distribution
function

AUTO

epsilon 1.0E-8 Early stopping False
rho 0.99 Stopping rounds 1
Learning rate 0.005 Stopping metric AUTO
Learning rate
annealing

1.0E-6 Stopping
tolerance

0.001

Learning rate decay 1.0 Missing values
handling

Mean Imputation

Momentum start 0.0

randomize the outcome. Finally, in this study Boosting
Process will be introduced as a sophisticated algorithm
for deriving weights for the weighted prediction.

The structure of the proposed two models can be seen
in Figure 4. The first phase is to apply pre-processing; the
input data will be normalized using the Z Transforma-
tion method, which is also called statistical normaliza-
tion. The above normalization can subtract the average

Figure 4. Deep learning and Ensemble Deep learning model structure-based windowing.
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Table 3. Selected performance indicators.

Equation Performance indicator

RMSE =
√
1

n

∑n
i=1 (yi − ŷi)2 Root mean squared error, RMSE

(Adamowski & Chan, 2011)
presents the discrepancy
existing between the
observed and predicted
values.

AE =
n∑
i=1

|yi − ŷi| Absolute error, AE is the measure
of Absolute difference
presented between the
predicted and observed
values.

RE =
n∑
i=1

|yi − ŷi|
yi

Relative error, RE refers to the
absolute difference between
the predicted and observed
values divided by Observed
Value.

REL =
n∑
i=1

|yi − ŷi|
max(|yi|, |̂yi|) Relative error lenient, REL

represents the Absolute
Deviation of prediction from
Observed, divided by the
maximal value between the
Observed and Predicted
values.

RES =
n∑
i=1

|yi − ŷi|
min(|yi|, |̂yi|) Relative error strict, RES indicates

the Absolute Deviation of
prediction from Observed
value, divided by the minimal
value between the Observed
and Predicted values.

NAE = AE
1

n

∑n
i=1 |yi|

Normalized Absolut error, NAE
represents the absolute
difference between the
observed and predicted values
divided by the error noted if
the average was predicted.

RRSE =
√∑n

i=1 (yi − ŷi)2∑n
i=1 (yi − yi)

2 Root relative squared error,
RRSE indicates the sum of the
squared error. It normalizes the
squared error after dividing
the total squared error for
the simple predictor. After
considering the square root of
the RSE, the error is decreased
to a similar dimension as the
value that is predicted.

SE = 1

n

∑n
i=1 (yi − ŷi)2 Squared error, SE refers to the

average squared difference
between the observed and
predicted values.

R =
∑n

i=1(yi − yi)(ŷi − ŷi)√∑n
i=1 (yi − yi)

2
√∑n

i=1 (ŷi − ŷi)
2

Pearson correlation coefficient,
R determines the strength of
a linear relationship between
the predicted and observed
values.

R2 = 1 −
∑N

i=1 (yi − ŷi)2∑N
i=1 (yi)2 −

∑N
i=1 (ŷi)2

N

Coefficient of determination, R2

is the measure of correlation
existing between the observed
and predicted values. It ranged
between 0 and 1 (Adamowski
& Chan, 2011).

Prediction average =
∑n

i=1(ŷi)

n
Prediction average indicates
the sum of the predicted
values divided by total no. of
predictions.

(continued)

Table 3. Continued.

Equation Performance indicator

spearman rho = 1 − 6 × D2a
A(A2 − 1)

Spearman rho is the non-
parametric correlation
measure. It can measure the
linear relationship occurring
between 2 variables. Da
indicates the difference
between the predicted and
observed values.

Kendall tau Kendall tau, represents the rank
correlation occurring between
the predicted and observed
values. It determines the
relationship strength between
the predicted and observed
values.

value from the data and divides it by standard devia-
tion. Since the prediction models’ performance depends
on the proper input selection and optimum values for
internal parameters, selecting the best time lags is essen-
tial. Therefore, in this study, different sliding time win-
dows are examined where the window size (time lag)
ranged between 1-day and 20-day. In the second phase,
the dataset will be divided into two subsets: 70% of the
dataset will be used to train the proposed models, while
30% will be used to test the proposed models’ reliabil-
ity. The third phase will be introduced to develop the
proposed models: DL and EDL. During this phase, the
hyper-parameters initialization and optimization will be
examined. Table 2 shows the parameters set up for the
proposed DL and the EDL models.

During the final phase, models need to be assessed
for their performance to make sure they are reliable for
implementation. To do so, the predicted outputs of each
model are compared with the observed measurements of
the groundwater levels in the wells. A total of 13 statisti-
cal indices were computed to evaluate the models as can
be seen in Table 3.

6. Results and discussion

Table 4 sum up the test results of the two deep learning
methods in estimation of GWL (S1) and compare them
with respect to 13 evaluation statistics. All the statistics
agree that the EDL generally performs superior to the DL
in the estimation of GWL of each station using data of
remaining four wells except the Paya Indah Wetland in
which the DLmethod provide better estimates compared
to EDL; improvement in RMSE, NAE, RRMSE, R, Spear-
man rho and Kendall tau by 30.3%, 17.1%, 30.2%, 15.4%,
20.3%, and 22.5% using DL method, respectively. How-
ever, in Anak Yatim, EDL decreases RMSE from 0.169
to 0.160 by 5.3%, decreases NAE from 0.658 to 0.578 by
12.2%, decreases RRMSE from 0.649 to 0.614 by 5.4%,
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increases R from 0.792 to 0.811 by 2.4%, increases Spear-
man rho from 0.633 to 0.646 to 0.454 by 2.1, increases
Kendall tau from 0.454 to 0.472 by 4%. Similarly, by
applying the EDL method, in Berenang; decrement in
RMSE, NAE and RRMSE are by 26.6%, 21.5% and 26.4%
and increments in R, Spearman rho and Kendall tau by
10.3%, 3.2% and 5.3%; in JenderamHuzaifah; decrement
in RMSE, NAE and RRMSE are by 26.6%, 18.8% and
26.5% and increments in R, Spearman rho and Kendall
tau by 14%, 7.5%, and 9.1%; in Bangi Lima; decrement in
RMSE, NAE and RRMSE are by 24.9%, 17.6% and 24.8%
and increments in R, Spearman rho and Kendall tau by
9.9%, 6.7%, and 11.8%, respectively.

Figure 5 compares the time variation of actual and
estimated GWL using DL and EDL models for the first
scenario. As evident from the graphs, EDL estimates are
closer to the actual data compared to the DL model.

Marginal plots of the actual and estimated GWL data
of each station are illustrated in Figure 6. By this plotting,
distributions of the both actual and estimated values can
also be observed. Marginal histograms were added to the
scatter plot to visualize the distribution of the actual and
predicted data. From the Figure 6, it can be said that the
EDLmodel produced less scattered estimates and the dis-
tributions of actual and estimates by this model are more
similar to each other compared to DL model.

For the second scenario, partial auto-correlation func-
tions (PCF) were analyzed to decide optimal inputs to the
DL models to predict the GWL of each well. Time series
plot and PCF are illustrated in Figure 7. First, the lagged
inputs having significantly high correlations at the level
of 5% were considered for the models, however, these
inputs provided less accuracy. Then, low correlated lags
were also included as inputs and obtained better accu-
racy. It should be noted here that eliminating some lags
considering PCF is not a good idea in modeling with
DL because eliminating lags may carry some important
information which cannot be detected by the PCF. In
addition, adding higher lagged inputs may reduce the
weights DLmodels and provide better learning the inves-
tigated phenomenon. The PCF test has been used to
illustrate the correlation of 20-day lags of GWL. A 20-day
lags are used in the second scenario as inputs. The best
inputs lags are selected by developing up to 200 models
for both DL and EDL for each station.

The results of the DL models in predicting (S2) GWL
of five stations are summed up in Table 5, As clearly seen
from 13 statistics, the EDL had superior performance in
predicting daily GWL in all five stations compared to DL
model. Implementing EDL decreased the RMSE, NAE
and RRMSE from 0.043, 0.249, and 0.242 to 0.038, 0.181,
and 0.188 by 11.6%, 27.3% and 22.3% and increased the
R, Spearman rho and Kendall tau from 0.978, 0.935, and Ta
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Figure 5. Actual versus estimated water level for DL and EDL models for first scenario.

0.807 to 0.982, 0.945, and 0.835 by 0.4%, 1.1%, and 3.5%,
respectively. Similarly, by implementing EDL, reduction
in RMSE, NAE and RRMSE are by 12%, 8.3% and 13.7%
and increments in R, Spearman rho and Kendall tau by
0.3%, 0.6%, and 2.5%; in Paya Indah Wetland; reduc-
tion in RMSE, NAE and RRMSE are by 21.5%, 9.9%, and
10.6% and increments in R, Spearman rho and Kendall
tau by 4.9%, 3.6%, and 10.7%; in Beranang; reduction
in RMSE, NAE and RRMSE are by 13.4%, 11.7%, and
16.7% and increments in R, Spearman rho and Kendall
tau by 1.8%, 2.1%, and 2.4%; in Jenderam Huzaifah;
reduction in RMSE, NAE and RRMSE are by 9.8%,
10.4%, and 5% and increments in R, Spearman rho and

Kendall tau by 11.7%, 5.1%, and 10.3%; in Bangi Lima,
respectively.

Figures 8 and 9 illustrate the actual and predicted
GWL by DL and EDL in the form of hydrograph. It can
be apparently observed from the figures that the pre-
dictions produced by the EDL model are closer to the
corresponding actual GWL data in all stations compared
toDLmodel.Marginal plots of the implemented are com-
pared in Figures 10 and 11. The graphs clearly show that
the DL predictions are more scattered than the EDL and
the similarity are higher for the EDL model. Both mod-
els gave the worst predictions for the Bangi Lima well.
The reasons for this might be the lower autocorrelation
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Figure 6. Marginal plot for actual versus estimated values for the first scenario.

and the sudden changes in the GWL as also observed
from the Figure 7. As observed from Figure 7, there are
sudden jumps and from low values to peaks and sudden
drops from peaks to low values. This might have caused
additional difficulties in learning (training) process of the
DL methods.

Finally, since the prediction models’ performance
depends on the proper input selection and optimum val-
ues for internal parameters, selecting the best time lags
is essential. Therefore, in this study, different sliding time
windows are examined where the window size (time lag)
ranged between 1-day and 20-day. Sensitivity analysis
based on root mean square error (RMSE) is used to find
the best time lag for each model (DL and EDL). It can
be seen from Figure 12 that the EDL generally has lower
RMSE than the DL in daily GWL prediction for most

of the time lag selections in almost all the stations. The
model exhibits a high level of precision within less time
lag, ranging between 2 and 4. Table 6 shows the best time
lag for each station.

7. Conclusion

Groundwater plays a significant role in today’s world as
it counts for a large percentage of freshwater. Thus, an
accurate prediction of groundwater levels has become an
important aspect of industrial and urban project plan-
ning. The current study was conducted to predict the
groundwater levels in 5 wells located in different towns
in the state of Selangor, Malaysia, as they have faced con-
tinuous dry spells in recent years. A proposed ensemble
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Figure 6. Continued.
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Figure 7. Time series plot with partial autocorrelation for all wells.

DL model was developed, with its performance com-
pared to a DL model’s performance. The two models
were developed based on two different input scenarios
to predict the groundwater levels. In The first scenario,
groundwater levels in one well were to be predicted using
the groundwater levels in the remaining four wells, and
in the second scenario, the groundwater levels in each
well were to be predicted using up to 20-day time lag.

Based on the results in the first scenario, the ensemble
DL model outperformed the DL models in four out the
five locations, however in Paya Indah Wetland well, the
DL model had a better performance as it had a lower
root mean squared error, lower absolute error, and lower
squared error, as well as higher correlation. While in the
second scenario, the ensemble model outperformed the
DL model in all locations. The findings of these results
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Figure 8. Actual versus predicted water level for DL models for the second scenario.
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Figure 9. Actual versus predicted water level for EDL models for the second scenario.



ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS 1435

Figure 10. Marginal plot for actual versus predicted values for DL models of the second scenario.

Figure 11. Marginal plot for actual versus predicted values for EDL models of the second scenario.

indicate ensemble DL can be a reliable tool for predicting
groundwater level. However, further investigations are
recommended by hybridizing the EDLmodel to improve
prediction performance such as Genetic-ensemble DL
or using different meteorological and hydrological vari-
ables such as rainfall, temperature, evapotranspiration,
and solar radiation inputs. Additionally, an enhancement
of the results could be expected if a longer historical data

were utilized in the modeling. The proposed models in
this study were developed based on Malaysia’s available
groundwater level data. Therefore, the proposed mod-
els’ reliability could be validated in future work by using
data from different regions with different climate condi-
tions and compare it with advanced artificial intelligence
models such as extreme learning machines and hybrid
models.
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Figure 12. RMSE versus window size (time lag).
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Performanceindicators
Table 6. Best time lag for each station.

Best windowing size (No. of Lags)

Station DL EDL

Anak Yatim 4 2
Paya Indah Wetland 15 4
Beranang 4 4
Jenderam Huzaifah 3 3
Bangi Lima 3 4
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