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ABSTRACT ARTICLE HISTORY
Correct simulation of groundwater level fluctuations is very important for optimum water Received 21 September 2019
resources management as it might affect the (subsurface) irrigation scheduling, groundwater Accepted 11 February 2020
exploitation studies, surface/groundwater interactions and identifying the aquifer characteristics. KEYWORDS

Such variations in coastal aquifers are more complicated due to the simultaneous effects of tide Groundwater level;
variations, especially in small time steps (e.g. hourly scales). The present study evaluated the precipitation; soft
capabilities of different heuristic data driven models for simulating groundwater table depth computing; tide

(GWD) fluctuations (with different lag times) in a coastal aquifer using the GWD, rainfall, and

tide records. A k-fold testing cross-validation data assignment method was adopted here for

defining the training and testing blocks. The obtained results showed that introducing rainfall

and tide records along with the GWD data as models’ inputs improved the models’ performance

accuracy, although accurate models could be obtained using only tide and rainfall data as

external input parameters of models. Therefore, considering the overall performance of the

models (which produced lower error values for all considered input combinations), all the

applied models could simulate the GWD variations using external tide and rainfall data (without

using GWD records).

1. Introduction Existing literature proves that the soft computing (SC)
methods have been successfully utilized for several water
resources issues (Nassery et al. 2017; Alizadeh et al. 2017;
Sadeghifar and Barati 2018). Alternative to empirical meth-
ods mentioned above, soft computing models have been
applied for predicting groundwater level fluctuations.
Among others, Rizzo and Dougherty (1994) applied neural
networks (ANN) for the specification of the aquifer proper-
ties. Nayak et al. (2006) applied ANN for predicting ground-
water level fluctuations in unconfined aquifers. Szidarovszky
et al. (2007) proposed a combined ANN-numerical model to
improve groundwater numerical model simulations. Also,
Khalil et al. (2006), Gill et al. (2007) and Yoon et al. (2011)
applied support vector machine (SVM) technique for pre-
dicting groundwater level variations. Shiri and Kisi (2011)
compared gene expression programming (GEP) with neuro-
fuzzy (NF) technique in predicting daily groundwater level
fluctuations and introduced GEP as a promising tool in
modeling groundwater table depth (GWD) fluctuations.
Kisi and Shiri (2012) introduced a new hybrid wavelet-NF
model for predicting short-term GWD fluctuations.

With minor exceptions, the reviewed literatures have used
simple data assignment, which examines the performance
accuracy of the applied model based on a single test set (for
instance 30% of all patterns). This is a critical simplification,
as the performance accuracy of the applied model for the rest
of the available patterns cannot be assessed. Nonetheless,
most of the studies have predicted groundwater levels at
least for daily or longer prediction intervals, while hourly
(and even shorter than hourly) prediction of GWD

Groundwater, keeping out the polar ice caps and glaciers
(Raghunath 2003), is a valuable and widely distributed
water resource of the globe. Irrigated agriculture is the
greatest user of ground/surface water resources account-
ing for about 80% of all consumptions. Moreover,
groundwater is an important source of drinking, domes-
tic, and industrial water requirements of the globe.
Groundwater levels may experience different variations
raised by differences between the recharge and discharge
of groundwater, gaining/loosing waterway variations, tidal
effects, urbanization, earthquake, land subsidence, and
meteorological variables as well as global climatic changes
(Todd and Mays 2005). Accurate prediction of such fluc-
tuations is of crucial importance for an optimal manage-
ment of water resources systems (Shiri et al. 2013; Barati
2018a, b; Zhang et al. 2018).

Substantial researches have been carried out so far for
predicting groundwater level fluctuations, from which, the
physics-based numerical approaches have been employed for
characterizing the groundwater flow in aquifers. Despite
their physical basis, a major downside of those models
would be their dependency on substantial accurate data,
which might not be available in some areas (Coppola et al.
2005). On the other hand, empirical models, utilizing Box
and Jenkins (1976) and Hipel and Mc Leod (1994) models to
simulate time series of groundwater table fluctuations, can-
not produce accurate outcomes when the dynamical beha-
vior of the hydrological system has considerable time
variations (Bierkens 1998).

CONTACT Jalal Shiri @ j_shiri2005@yahoo.com
© 2020 Indian Society for Hydraulics
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variations are required for earthquake studies where the
interrelationships between the GWD variations and dynamic
behavior of the faults are studied. The present study aimed at
assessing the boosted regression tree (BT), random forest
(RF), multivariate adaptive regression spline (MARS), artifi-
cial neural networks (ANN), support vector machine (SVM)
and gene expression programming (GEP) models in predict-
ing hourly GWD values in a coastal aquifer, using the simul-
taneous records of the precipitation and tide heights,
through a complete data scanning procedure (k-fold testing).
In spite of the importance of hourly GWD fluctuations in
earthquake studies, the selected time scale (hourly scale) is
important for the National Groundwater Monitoring
Network (NGMN) of Korea, where the abnormal measure-
ment of the real-time monitoring system should be quickly
found out.

2. Methodology
2.1. Boosted Regression Tree (BT)

BT includes an algorithm for involving tree-based approaches
with boosting. It can be accepted as an improved regression-
form related machine learning strategy (Freidman et al. 2000).
Boosting improves the model accuracy by fitting new trees to
the residual errors of the existing tree. During iterations, the
existing tree does not change and the optimal (final) model is
represented by the linear trees’ combinations (Elith et al. 2008).
BT uses multiple trees and copes with poor prediction accuracy
as in single tree models. In this method, the numbers of trees are
automatically optimized by an internal cross-validation proce-
dure. The control parameters such as learning rate (that iden-
tifies the contribution of each tree to the final model), tree
complexity (the node number of a single tree), and bag fraction,
were obtained by trial-error procedure (Franga and Cabral
2015). Number of additive trees was selected as 150 based on
trial and error. Different numbers of seeds for random number
generator were evaluated and the optimum outputs were
obtained for seed number = 1. More details about the BT
method can be obtained from Freidman et al. (2000).

2.2. Random Forests (RF)

RF is a bootstrap method based on classification and regression
trees (CART). This method provides well predictions without
overfitting in case of high dimensional input matrices (Breiman
2001). In RF, each tree is formed at first by randomly choosing
some groups of input variables (features) to split on for each
node, and, then, by computing the best split depended on the
features in the calibration data. The obtained tree is grown
utilizing the CART method (Breiman et al. 1984) to maximum
size, without pruning. This subspace randomization procedure
is blended by bagging (Breiman 1996; Biau 2012) to resample,
by replacing, the calibration data each time a new individual
tree is grown. Different numbers of trees were assessed to select
the optimum random forest method and it was seen that the
variations of errors were negligible for tree numbers beyond
150. Moreover, eight cycles gave the best outputs in calculating
the mean error. The percentage decrease in training error was
found to be as 5% by trial and error. Minimum child node size
to stop and the maximum number of levels were chosen as 5,
and 10, respectively, through a trial and error process. More
details on RF theory can be gotten from Breiman (2001).

2.3. Multivariate Adaptive Regression Spline (MARS)

Multivariate adaptive regression spline performs a nonlinear
regression by using piecewise linear segments (splines)
between dependent and independent variables. MARS con-
siders no specific assumption related to the underlying func-
tional relationship between the input and output variables.
This method involves forward and backward processes. In
the forward process, input parameters’ set is chosen and
functions are added. This process, however, generally pro-
duces complex model resulting in overfitting. Such a model
has poor prediction accuracy. To prevent this deficiency, the
backward process is applied and unnecessary variables are
eliminated among the previously selected set. Following
functions are used in MARS which they project independent
X variable to dependent Y variable, using a knot that identi-
fies an inflection point along the inputs’ inputs (Sharda et al.
2006; Adamowski et al. 2012):

Y = max(0,X — ¢) (1)

Y = max(0, c — X) (2)

where c is some determined threshold value. More details for
understanding the MARS can be getting from Sharda et al.
(2006). The optimum MARS architecture was obtained through
a trial and error procedure. So, the values of the maximum
number of basis functions, degree of interactions, penalty, and
threshold were, respectively, chosen as 20,3,2,0.0002.

2.4. Artificial Neural Networks (ANNs)

ANNSs involve consecutive layers comprising many artificial
neurons that are linked from one layer to another. The
network transforms the inputs to target output(s). The out-
put of the input layer’s neurons forms the hidden layer’s
inputs and the output of the hidden layer’s neurons forms
the output layer’s inputs. In the neurons of hidden and
output layers, some mathematical functions (transfer func-
tion) are used. The input layer’s neurons are connected
with the hidden layer’s neurons while the output layer’s
neurons are only connected to the hidden layer’s neurons.
Thus, some non-linear relationships can be obtained
between input and output variables through layers and
transfer functions. ANNs are good candidate in predicting
future values of possibly noisy multivariate time series
based on past values (Adamowski et al. 2012; Shoaib et al.
2016). More detailed information about ANNs can be seen
in, e.g. Haykin (1999).

Here, a three-layer feed-forward network was applied
with different transfer functions in the hidden and output
layers. One hundred networks were evaluated per training
stage and the optimum transfer functions were selected. The
minimum and maximum values of weight decay in the
hidden layer were found as 0.0005 and 0.001. Moreover, it
was found that the ANN model with Tanh and Exponential
activation functions in hidden and output neurons compris-
ing 25 neurons in the hidden layer produced the best
outcomes.

2.5. Gene Expression Programming (GEP)

Gene expressing programming, proposed by Ferreira (2001),
is one of the commonly used machine learning methods.



GEP has linear chromosomes of fixed length which they
comprise multiple genes. Each chromosome encodes a smal-
ler subprogram. Linear chromosomes provide the uncon-
strained operation of basic genetic operators, for example,
mutation, transposition, and recombination. The most
important advantages of GEP are (Ferreira 2001): (1) the
chromosomes are basic elements: linear, compact, generally
small, simple to manipulate genetically (replicate, mutate,
recombine, etc.); (2) the expression trees are the expression
of their respective chromosomes; they are elements where-
upon selection acts and as indicated by fitness, they are
chosen to reproduce with modification. GeneXpro program
was utilized in this study for modeling groundwater depth
fluctuations.

GEP implementation procedure was conducted following
the suggestions of Shiri and Kisi (2011) for a similar subject.
So, the root-relative square error (RRSE) was chosen as a
fitness function. The functions set of GEP operation included
the four basic operators (+,-,*,/) as well as (\/, NE In(x), €*,
x?, x°). Length of head, h = 8, and three genes per chromo-
somes have been employed, which are commonly used
values in the literature (e.g. Ferreira 2006). Finally, the sub
trees were linked by addition linking function according to
literature (e.g. Shiri and Kisi 2011).

2.6. Support Vector Machine (SVM)

SVM is a machine learning method based on statistical
learning theory (Vapnik 1995). It is able to provide global
optimization needed for improved generalization. The main
advantages of utilizing the SVM model are getting high
generalization accuracy, efficiency in computation, robust-
ness for high dimensions, simplicity of application, its suit-
ability for large dimensional objects and having a wide
variety of applications (Nazari and Sanjayan 2015). This
method was first proposed by Vapnik and more detailed
information about its theory can be seen in, e.g. Vapnik
(1995, 1998). Using a trial and error procedure, SVM capa-
city and epsilon constants were chosen as 10 and 0.15.
Among the kernel functions, the radial basis function
(Gamma = 0.20) gave the most accurate simulations of
GWD. Further, the maximum iteration number was set as
1000 (iteratively) and the models were stopped at the error
value of 0.005.

2.7. Study area and data used

Hourly groundwater table depth (GWD)), precipitation (P),
and tide levels (T) records from two observational wells in
a coastal aquifer (located at the beach of the coastal town of
Mukho in Donghae City) in Korea were used in the present
study. There were totally 11 observation wells in the stu-
died aquifer (OFs, BHs, and OBs) (Figure 1) but some of
them have been washed by the waves. In the present study,
the observational data from two wells, namely OB2 and
BH5 were used. For OB2 well, hourly values from 23 May
2004 to 28 December 2004 (totally, 5274 patterns) and for
BHS5 well, hourly values from 1 April 2005 to 14 November
2006 (totally 14,222 patterns) were utilized for develop-
ment and validation of the applied models. Table 1 sums
up the statistics of the used data during the study period.
Ximax Xmin Xmeans Cv, Sx» and Cgsx in the table show the
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maximum, minimum, mean, coefficient of variation, stan-
dard deviation, and skewness coefficient of the data,
respectively.

2.8. Data splitting and input parameters

As a predecessor of the present research, Yoon et al. (2011)
applied ANN and SVM for a dynamic estimation of GWD in
the same study area of the present paper. They utilized P, T, and
GWD observations for the development and validation of ANN
and SVM techniques. So, they generated five different input
combinations of these parameters to feed their applied models.
To be consistent, and based on the correlation analysis, the
same input combinations were used in the present study as
can be seen in Table 2. The cross-correlation analysis between
the parameters showed the lag times of the both precipitation
(P) and tide (T) records are 4 time steps (1 time step stands for
6 hr). So, the data with 4 lags (= 24 hr) were utilized in building
the input matrix. The prediction horizons (lead times) for
GWD records were considered as 1, 2, 4, 6, and 8 prediction
intervals (each interval stands for 6 hr), similar to Yoon et al.
(2011). Although hourly GWD predictions/analysis might not
be of interest in agricultural issues, the selected prediction
intervals (lead times) provided simulations of GWD variations
for the following 1 (for interval 6) and 2 (for interval 8) days that
would be of interest from the agricultural viewpoint.

An important step with building the soft computing
models would be defining the training and testing portions
of the all available patterns, with which, the models should
be developed and validated. A common process would be
the traditional two/three blocks mode, where the all avail-
able input-target patterns are divided into two/three por-
tions, then the models are applied, tested and validated.
However, a major drawback of such data partitioning meth-
ods would be their high dependency on the way the data
have been divided, especially when there is an obvious
time-dependency/time series trend among the studied vari-
ables (Shiri et al. 2014). So, the most robust k-fold testing
data scanning procedure was adopted here for training and
testing the applied techniques. In this way, the available
patterns of each well were divided into ‘K’ parts and the
models were trained using a part of patterns and tested
using the remaining portion. The procedure was repeated
till all the available patterns of each well were involved in
training and testing stages. The smaller kK’ values would
provide more accurate analysis of the error variations
throughout the patterns, but the computational costs
would not be assumable. Here, the minimum test set size
was set as 1 day in both the wells. Given that the available
records in OB2 wells were belonged to 220 days, a total
6600 training-testing process [220 days*6 heuristic model-
s*5input combinations (see Table 2)] were established in
this well. Similarly, in the BH5 well, a total of 17,760
training-testing procedures [592 days*6 heuristic model-
s*5input combinations (see Table 2)] were carried out.

Two statistical indices, namely the root-mean-square
error (RMSE) and the scatter index (SI) were used for asses-
sing the performance accuracy of the obtained models as:

N
\/§2 (GWDjyy — GWD;,)*
=

GWD

RMSE = (D
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Figure 1. Localization of the studied points.

Table 1. Statistical parameters of the used data set during the study period.

Xmax Xmin Xmean SX CV CSX
OB2 well  GWD(m)  3.91 203 246 024 0.09 1.84
P (mm) 53.5 0 0.23 156 6.71 15.19
T (m) 056 —-032 008 0.2 151 -0.008
BH5 well  GWD(m)  4.85 2.66 3.03 023 0.08 2.19
P (mm) 51 0 0.21 140 653 14.07
T(m) 39 -4.9 0.44 1.18 263 -0.19
Table 2. Input combinations used to feed the applied models.
Used variable per combination
Input combinations P T GWD
Input1 ] [ ]
Input2 ]
Input3 [ ] [ ]
Input4 ] ]
Input5 ] [ ] [ ]
RMSE
GWD

where GWD;,; and GWD;, denote the predicted and
observed GWD values at the i™ time step, respectively,
GWD is the mean of observed values, and N stands for the

East Sea

number of time steps. RMSE illustrates the average error
values by giving more weight to large errors and can take
on values from 0 (perfect fit) to o (the worst fit). The
dimensionless RMSE (called SI here) can present a suitable
insight for comparing the performances of various models,
as it eliminates the effect of the magnitude range of the target
parameter. So, using SI it is possible to compare the models
that have been used for simulating a unique target parameter
in different situations (with different ranges of magnitudes).
Instead of taking an average from the performance indicators
from the all available days, a global estimation vector of the
complete period was made for each well, and utilized for
calculating the performance indicators.

3. Results and discussions
3.1. General statements

Table 3 sums up the global statistical indicators of the BT,
RFE, MARS, ANN, SVM, and GEP models for each studied
well. These values have been calculated by taking an average
from the indicators of the applied lead times for each model
and input combination. As can be seen from the table, the
models showed similar performance accuracy for BH5 and



Table 3. Global error statistics of the applied models.
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Input1 Input2 Input3 Input4 Input5
RMSE(m) Sl RMSE(m) Sl RMSE(m) Sl RMSE(m) Sl RMSE(m) Sl
0B2 well
BT 0.194 0.079 0.149 0.060 0.150 0.061 0.146 0.059 0.152 0.062
RF 0.198 0.080 0.152 0.062 0.147 0.060 0.146 0.059 0.145 0.059
MARS 0.205 0.083 0.158 0.064 0.155 0.063 0.153 0.062 0.151 0.061
ANN 0.261 0.106 0.244 0.099 0.156 0.063 0.151 0.062 0.156 0.063
SVM 0.212 0.086 0.174 0.070 0.160 0.065 0.163 0.066 0.163 0.066
GEP 0.210 0.075 0.165 0.057 0.159 0.055 0.158 0.054 0.156 0.053
RMSE Sl RMSE Sl RMSE Sl RMSE Sl RMSE Sl
BH5 well
BT 0.211 0.070 0.148 0.049 0.144 0.048 0.144 0.047 0.128 0.047
RF 0.213 0.070 0.147 0.048 0.142 0.047 0.142 0.047 0.141 0.046
MARS 0.213 0.070 0.144 0.048 0.140 0.046 0.142 0.047 0.140 0.046
ANN 0.214 0.070 0.159 0.053 0.145 0.048 0.146 0.048 0.148 0.049
SVM 0.232 0.076 0.156 0.051 0.167 0.055 0.155 0.051 0.149 0.049
GEP 0.225 0.066 0.159 0.044 0.154 0.043 0.154 0.043 0.154 0.042

OB2 wells for all adopted input combinations, although
some slight differences between SI values might be detected
for all cases.

From Table 1, the statistics of the applied patterns were
similar for both the wells, even the OB2 time series presented
lower scatters (in terms of the skewness, standard deviation,
etc.) than those of BH5. Therefore, one might seek the reason
for such differences in the total number of patterns used to
establish the models. As the robust k-fold testing data man-
agement scenario was adopted here, all the available patterns
have been involved in training and testing stages. However, a
model might be sensitive to the total number of patterns that
have been incorporated in the training phase so that the
model can learn using more patterns. Again, Table 3 shows
that the GEP produced the lowest SI values in both the wells
that were because it has lower sensitivity to the number of
inputs/patterns as it belongs to the information content in
the used data. This includes data gathering in different con-
ditions; much like one would do employing a design of
experiment approach. Therefore, GEP could be employed
using any number of data, provided the information content
in the data set is sufficient to evolve a generalized formula-
tion (Deschaine 2014; Shiri 2017). In the contrast, it seems
the rest of the applied models has been sensitive to the total
number of the patterns used to feed them, as they have given
better results for BH5 (with higher amount of data records)
than the OB2 (with lower available patterns). Nevertheless,
this might be evaluated through the information saturation
content to find the suitable amount of patterns that should be
utilized for training these models. Accordingly, a further
modeling process was carried out in BH5 using the same
number of total patterns of OB2 (220 days) for all the applied
models and input combinations. Analyses of the results (not
presented here) confirmed the superiority of the models in
BHS5 over the OB2, again. Hence, such differences cannot be
explained using the available information about the water
table fluctuations in each well and it may need further ana-
lysis based on aquifer dynamic characteristics that were not
available to the authors.

Further, given that the depths of groundwater table for OB2
and BH5 are 2.46 m and 3.03 m, respectively, both wells have
been influenced by the meteorological factors (e.g. air tempera-
ture and rainfall) and tidal effects to the same extent.
Nevertheless, as the GWD in BH5 is slightly greater than
OB2, the required time for passing the infiltrated rainfall
through the porous media to join the groundwater would be

somewhat longer there. Analysis of the simultaneous variations
of T, P, and GWD (Figure 2) showed that the trend of variations
of all three parameters is close in both the wells, albeit there
were some discrepancies between the occurrence of extreme
points in time series of these parameters. Moreover, the linear
correlation values between GWD, T, and P were higher in OB2
than the BH5: 0.169, 0.461 and 0.159 between P-T, T-GWD,
and P-T, respectively, for OB2 and 0.082, 0.264 and 0.154
between P-T, T-GWD, and P-T, respectively, for BH5.
However, the models showed better performances in BH5
than OB2 that shows the better capability of the models in
hindering nonlinear processes like GWD prediction.
Nonetheless, the performance accuracy of the models relied
on P and T (Inputl) was lower than the rest of the inputs.
This might be foreshadowed because these models have been
constructed using only P and T data without information on
GWD variations. For the other applied input combinations,
Input 5 comprising P, T, and GWD values as inputs gave the
best results, as could be expected. However, differences between
mean SI values of this input combination with Inputs 2-4 (and
even input 1) were negligible, so, it could be stated that the
models excluding GWD from input matrix could predict GWD
variations in different lead times accurately.

Figure 3 illustrates the cumulative distribution functions
(CDF) of observed and predicted GWDs in both the wells for
GEP models. From the figures, it can be seen that the devia-
tions from the CDF of the observed GWD are increased by
increasing the prediction intervals (lead times) for both the
wells. Comparing between two wells, these deviations were
more obvious in OB2 than BH5 well.

Nevertheless, one of the advantages of GEP over the other
models is in giving mathematical expressions of the studied
phenomenon. Table 4 presents the mathematical expressions
of the optimal GEP models for the both wells.

3.2. Local assessment of the models

Figures 4 and 5 present the SI values of the applied models
for different input combinations and lead times (prediction
intervals) in both the wells. Analyzing the figures, some
closures could be highlighted as follows. First, it is seen that
the SI values fluctuations between the models are low for
both the wells and all input combinations (ASI<0.1). Second,
there were obvious variations of SI values for different input
combinations for both the wells. The first input combination



6 (&) J.SHIRIETAL

1.0 1
0.8 -
=y
¥
-
[aF]
-
g 0.6 -
o
faF]
=
E 0.4 - Varizble
E — Observed
= — - LTI
L === LT2
0.2 1 — - LT4
—_— = LTE
LTS
0.0 -
2.0 2.2 2.4 2.6 2.8 3.0 3.2 3.4 3.6
Depth to water table (m)
a) OB2 well
1.0 4
0.8 -
-y
¥
=
Q
=
g 0.6 -
|
I-'_
[nF]
=
E 0.4+ Variable
E — Ohserved
= -_— o LT1
i === LT2
0.2 - —_— - LTA
— - LTE
LTS8
0.0 -
2.5 3.0 3.5 4.0 4.5

Depth to water table {(m)

b)

BHS5 well

Figure 2. Cumulative distribution functions of observed and predicted GWDs with different lead times for the GEP model.

(comprising tide and rainfall as inputs) has produced the
worst simulations while the rest of the combinations have
given more accurate results. Next, as could be expected, the
first lead time has given the best simulations for all cases,
since this lead time has had the lowest prediction interval
distance from the corresponding input variables. However,

as can be seen from the figures, the general values of SI are
lower than (or around) 0.1 which shows the good abilities of
the applied models for simulating GWD fluctuations in the
studied locations. Nevertheless, analysis of the SI range var-
iations in both the wells showed that the variation range is
higher for OB2 than the BH5 which shows the higher SI
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Figure 3. S/ values of the applied models for different input combinations and lead times: OB2 well.

Table 4. GEP expressions of the optimal models.

model Expressions

BH5

Rainfall-based GWiyr = {Arctg[Arctg(GW,_, — GWt)(2.428 — P,_3)]}> + 0.321(GW,_ — GW, ) + GW,
Tide-based GWyiq = Arctg[Sin(Arctg(Te—1))] + Arctg[Exp(Arctg(GW,))] + 2GW;_; + GW; — 6.47

082

Rainfall-based GWy i1 = Arctg[(0.246 + T;—1) + GW;—q + GW;_3 + Tr—5 — 1.1032] + GW; + 0.172
Tide-based GWesq = Pry Sin WPt o G, — P,y + 1.364P;,

GW;_,—8.1628

differences between the adopted lead times in this well.
Finally, GEP showed the best simulations among the applied
models in both the locations, whereas ANN and SVM gave
the worst predictions (specifically in OB2).

3.3. Temporal assessment of the models

Figure 6 presents the temporal variations of the SI values for
the GEP models during a sample monthly period (30 test
days) for both the wells. SI values have shown considerable
variations for different days of the considered test periods in
both the wells, although the maximum values of this index
were around 0.1 for all cases which demonstrated the high
capability of the applied models in simulating GWL varia-
tions. With some exceptions, the minimum variations of SI
values were belonged to the first lead time while the lead6
and lead8 prediction intervals presented the highest varia-
tions for this index. Such variations in the statistical indicator
magnitudes might highlight the need for a complete data
scanning procedure (e.g. k-fold testing) when the heuristic
models were applied for modeling different phenomena, as

advised by Shiri et al. (2015). These variations might be
attributed to the temporal variations of the factors influen-
cing the GWD fluctuations during a day (24 h) or a month
(30 days). A sample variation of tide and GWL parameters
during a day for OB2 well has been illustrated in Figure 7,
which shows the direct partial influence of tide variations on
GWD. While GWD magnitudes were monotonously fluctu-
ated for some hours during a day, obvious variations can be
detected for a part of day, especially when the tide magni-
tudes started to reduce. After peak value, the tide magnitude
is reducing and after about 3 h the GWL is increasing (see the
tide values after 13:00 h and GWL after 16:00 h). This might
show the effect of tide rise (due to the loading factor at the
boundary) on rising GWD but with a small time delay.
Figure 8 shows the observed and simulated hourly GWD
values of GEP-based models (fed with input5) during sample
test periods (from 01-May2005 to 31-May2005 for BH5; and
from 1 June 2004 to 30 June 2004 for OB2). From the figure,
it is seen that the model has simulated the GWD fluctuations
accurately, although there are some discrepancies between
the observed and simulated values for both the wells. It was



8 (&) J.SHIRIETAL.

01 T---r=—==-7---- —=-=-------- Inputl 01 T---r---- R
0.08 '"i'"i'"i"'i"')f""" olead] 008 Toomr oy T x
ca
006 +---f---1--~-1 ———-—————z—— mlead2 0.06 ---X---X---%‘---!‘---A--*-
3 > A A A A A R
004 +--=b--ut---d P 004 +-m-+-g-1-g-1-M--R----
®lcadt « o ¢ o
002 +---f---1+--~-+ SREE EEEE EEEE I 002 +---+---+ R IRt SEL A
0 0
BT RF MARS ANN SVM GEP BT RF MARS ANN SVM GEP
010 Tm==p-mmgmmma— - ~===---- Input3 0.10 ==-=7-==- s Ee T e
008 f---t--—t—-—q---- e SEE 008 +---1---- s ST ST
®leadl % % X
006 - & K XX R X man ., 006 ---c---0---¥----¥----:---X--
~
“ A A4 an Aleadd A | A 4 4 N
0.04 +-g-"-§ T g W 004 - -g-t-g~1-w |- w---®-1-2-1
* * * * L ®]ead6 * * * * * |
002 +---t-==-t-=—-q---- ———- - Xlead8 002 +---+---4 by iRl Sk o 2k
0.00 0.00
BT RF MARS ANN SVM GEP BT RF MARS ANN SVM GEP
010 T---r-=--7---1 --=q-=-5----= Input5
0.08 +---F---t---1 e
®leadl
~0-06 T -}.g- "%- -%(-' -X-' -:-"x" Hlead2
Lol A A A A
0.04 "_l______'_i_'_.___.___"__ Aleadd
. ¢ « & o s ®leads
002 F===F==-1-"71 T Xleads
0.00
BT RF MARS ANN SVM GEP
Figure 4. S/ values of the applied models for different input combinations and lead times: BH5 well.
0.12 T T T T T T T
| | | [ = | | |
0.1 +x X ot & wl r':".i o tex Y X1 l""i* X
(N e ol ox X! PY l.‘%)l(" | X|® o
0.08 | X | | | | |
R X | x X i N
b~ X m | & 1 A | m X ® | Xy me 7
“a 0.06 ® X * 3 A
A X Y Al } 4 [ A (A A
0.04 Aleg m | ® | & X! u| 9 o X R |
- = m f 1 1 f I I
| g B A | X | 8 ! $ 44 |
..‘.I .Il. LI A o 1A_® *.® 1 .I.
0.02 | | | Ay T + A2
A X o o 0|l ® & ,H | e Eo .
0 | | | | | | |
N N N N N N o
N oV’ N oV’ N oV’ N oV’
N N X o o e e e
Time (day)
0.12 T T T T T T T
| | | | | | |
0.1 } } } | A1 } ;
e AT xe xxealex
0.08
X | ol & Xm | |
~ooc | X a | ¥ Ex X x x! Al x = £°® eX IX
@ 0.06 Ty e } ° =X g Xl @ ® ol g A® t X1 A
x Ix | ° | | 'm | x| |
0.04 ~A . I A |® ____=| |- m I N Y | A
' . A Ao m i Tia X e | | Al
0.02 !A-r‘.m ¢ e x B o/A o 0 ! Amlg
B f f i ] 1 Al f ="
™ l.. I‘AQAI [ ] .I.’O | x..|.".|’.
0 | | | | | } }
N NP NP NP N N N
N oV’ oV’ oV’ oV’ oV’ oV’ oV’
Q\ﬁ Q;Jﬁ Qqﬁ \3§ \,\ﬁ ’L\ﬁ %5§ ﬁﬁ
Time (day)
Figure 5. Temporal variations of the S/ values during a sample test period (1 month) for: a) OB2, b) BH5.

Input2

®leadl
Blead2
Alead4
®lead6
Xlead8

Input4

®leadl
M lead2
Alead4
® lead6
Xlead8

¢ GEP-leadl
B GEP-lead2
A GEP-lead4
©® GEP-lead6
X GEP-lead8

® GEP-leadl
B GEP-lead2
A GEP-lead4
® GEP-lead6
X GEP-lead8



ISH JOURNAL OF HYDRAULIC ENGINEERING 9

3.5 - - 0.35
——GWD -=-Tide
[ [] .
3 ~~ 03
0/
" n e
0/
—— n o/
2.5 ‘___.—-o—o-—*—‘” 7 S, e L 0.25
E " e
2 - n =
4] - =
2 A 0.2
o ]
]
o [
1.5 - [ ] o - 0.15
[ ] | |
1 T T T T T T T T T T T 0.1
00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00
Time (hr)
Figure 6. Inverse effect of tidal variations on GWD variations for OB2 (1 November 2004).
370 A 400
BHS = Observed leadl
350 - 7~ @= eGEP-based leadl
/ \ _
g
330 = 350 | -
2 310 2 l
3 5}
o g \ /
290 1 & 300 - S=
=
o
270 A
y = 0.8646x +40.721
250 250 . R =0.9274
250 300 350 400
Observed GWD (cm)
——— Observed_leadl 3.0

1 oB2 i3

e oGEP-based leadl

GEP-based GWD (m)
1N
W

y=0.8828x + 0.276
R = 0.9509

2.0 T 1
2 2.5 3
Observed GWD (m)

Figure 7. Observed vs. simulated GWD values for the input combination 5 (GEP5) during sample test periods in BH5 (May 2005) and OB2 (June 2004).

observed that the inconsistencies for all cases (all test peri-
ods) tend to underestimate the peak GWD values. The cor-
responded underestimations of the GWD time series for the
presented cases have been circulated in the scatterplots in
Figure 7. This might be due to the difficulties to produce the
peak values which had higher distance with the mean of the
observed GWD data (see Cv values of Table 1).

Overall, the comparison of several input combinations
clearly indicated that importing previous GWD as input slightly
increases models” accuracies and GWD of both wells could be

successfully estimated with only hourly precipitation and tide
data as inputs. Models showed better accuracy in BH5 well
compared to OB2 even though there are high linear correlations
between the inputs and output data of the OB2 well. This
indicated the high nonlinearity or complexity of the investigated
phenomenon. Among the applied models, the GEP model
generally provided the best accuracy in estimating GWD in
both wells closely followed by the BT, RF and MARS models
while the ANN and SVM had the worst results. The optimal
GEP model with five inputs tends to underestimate peak GWD
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values in both wells. The main reason caused this underestima-
tion might be the low number of peak values in the whole data
and the applied model cannot adequately learn the process.

4. Conclusions

The study compared the six different heuristic methods, BT,
RF, MARS, ANN, SVM, and GEP, in simulating ground-
water level depth (GWD) fluctuations of coastal aquifers.
Hourly GWDs, precipitation, and tide levels from two obser-
vational wells (OB2 and BH5) located in the coastal town of
Mukho in Donghae City, Korea were utilized for model
development. In the applications, various training-test
blocks were employed based on the cross-validation data
assignment (CVDA) procedure. It was seen that the accura-
cies of the applied models were fluctuated with respect to
different training-test data set and this indicated the neces-
sity of the CVDA process. The models provided more accu-
rate results for BH5 compared to OB2 well. All the models
employed accurately simulated the GWD variations with
respect to RMSE and SI by utilizing tide and rainfall data as
inputs. GEP model, in general, gave the best estimates in the
both wells and its accuracy was closely followed by the BT,
RF and MARS models. The ANN and SVM generally pro-
vided the worst GWD estimates. It can be concluded that the
GWD of both wells could be accurately estimated by the
heuristic methods (e.g. GEP) using precipitation and tide
level data. The present study utilized data from two coastal
wells for assessing the impacts of tide and rainfall parameters
on GWD variations. Further studies would be needed using
more sites and other heuristic models to verify these conclu-
sions in other regions with different aquifer—sea interactions.
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