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ARTICLE INFO ABSTRACT

Keywords: In this study, mean monthly groundwater level (GWL) fluctuations of four different monitoring piezometers are
Deep neural networks forecasted in an agricultural area by developing new proposed structures of BiLSTM based neural network
BiLSTM

models. For developing models, 186 monthly measured water table depth during time period (Sep 2001-Feb
2017) are employed. Due to a lack of meteorological variables records, the module of sequence-to-one is
employed. By tuning several hyperparameters such as the number of hidden units (NHU), kind of state activation
function (SAF), learning dropout rate (P-rate), and network topology pattern (NTP), the performance of designed
models is improved. Based on results of modelling, in all designed models, the optimal P-rate is obtained 0.5, and
the running time decrease by increasing P-rate in the same model. Since harsh fluctuations of GWL, the general
Single-LSTM mode (1) and Single-BiLSTM model (2) perform too weak compared to other models. Nonetheless,
by deepening models through adding the suitable hidden layers instead of many numbers of nodes, the per-
formance of Single-BiLSTM model is improved strikingly. Based on statistical evaluation metrics, violin plot, and
also TLP (Total Learnable Parameters) value, novel proposed model (5) (simple Double-BiLSTM model combined
by a Multiplication layer ( x )) is selected as the superior model. In the piezometer 4 with a range of 4.49 (m), the
model (5) yielded in an R? of 0.89 and an RMSE of 0.17 (m), while in the same physical characteristics, the
simple Double-BiLSTM model (3) yielded in an R? of 0.77 and an RMSE of 0.25 (m).

Algorithm tuning process
Groundwater level fluctuations
Miandoab plain

task, due to extremely stochastic, nonlinear interactions, uncertainties
in meteorological and hydrogeological parameters, some human
breaking in, etc. (Todd and Mays, 2005). Thus, choosing an apt scheme
by which to predict a complicated trend of GWL fluctuations is regarded

1. Introduction

Groundwater considers a significant and broadly distributed
resource that provides freshwater largely in the semi-arid and arid areas
in worldwide. But, nowadays, since a speedy development in municipal
districts, farming, industrialization, and particularly growing populace,
request for water reserves has been perceptibly intensified.

Accurate prediction of groundwater level (GWL) facilitates the
assessnent of shortage in groundwater resources. Consequently, it in-
duces a rational management of groundwater resources for diverse de-
mands by the water resources managers and also averts the depletion of
water stores (Raghavendra and Deka, 2016). Predicting GWL fluctua-
tions over a long period in cultivated regions considers a problematic
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as a momentous problem that necessitates developing extraordinarily
hi-tech systems (Fallah-Mehdipour et al., 2013; Zare and Koch, 2018). In
the last three decades, under dramatic advancements in computer sci-
ence, various numerical techniques have been developed for water and
environmental problems (Zhou et al., 2017; Gharehbaghi et al., 2017;
Gharehbaghi, 2017, 2016), especially in the field of groundwater hy-
drology (Kim et al., 2008). Even so, implementing numerical approaches
involves gathering a massive quantity of systematic and consistent in-
formation about physical attributes of used sphere and model parame-
ters such as topography and geological coverage, transmissivity and
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Nomenclature

LSTM Long Short-Term Memory

BiLSTM Bi-directional Long Short-Term Memory
P-rate Learning dropout rate

AF Activation functions

RMSE Root mean square error (m)

STDV Standard deviation

cv Coefficient of variation

Vi Predicted GWL at time i

X; Observed GWL at time i

[T Average of observed GWL at time i

ANNs Artificial Neural Networks

DNNSs Deep Neural Networks

TLP Total Learnable Parameters

N Number of datasets

R2 Determination coefficient [-]

GWL Groundwater level (m)

Bi-RNN Bi-directional Recurrent Neural Network

NTP Network topology pattern

NHU Number of hidden units

Oy Standard deviation of observed GWL at time i
Gy Standard deviation of estimated GWL at time i
Hy Average of estimated GWL at time i

specific storage coefficient, hydrological and climatical dataset, etc.
(Yoon et al., 2011).

Formerly, the majority of researchers have employed classical Neural
Network (NN) models to predict highly nonlinear GWL fluctuations
which often excelled on numerical models (Mohanty et al., 2013; Chang
et al., 2016; Guzman et al., 2017). Despite everything, since GWL time
series is a non-stationary process, these models have characteristically
encountered severe predicaments such as weights fine-tuning and
mostly a lack of enough ability to maintain prior information in the
traditional NNs like FFNN (Feed-Forward Neural Network), etc. (Feng
et al., 2008).

In this study, to address the above-mentioned constraints and
drawbacks, a novel method of large-scale data diagnostic namely, Bi-
directional Long Short-Term Memory (BiLSTM) neural network, Deep
Neural Networks (DNNs) based, a Machine Learning Models (MLMs), is
developed to predict accurately long-term GWL fluctuations. In this di-
rection, different layer structures of BiLSTM model are designed, owing
to its sophisticated network architect. Also, because nonexistence of
exact records of meteorological variables, the module of sequence-to-
one is operated in these structures for acquiring the context informa-
tion of time series GWL.

DNNs consider an improvised version of Artificial Neural Networks
(ANNSs) with a lot of layers among the input and output layers. They can
estimate multifaceted nonlinear relationships extremely simpler than
shallow networks and extract noteworthy traits from the raw inputs, by
making cyclic compositional models. More specifically, deep learning
structures have a significant depth termed, Credit Assignment Paths
(CAPs), which are latent random links of transformations between in-
puts to target (Bengio, 2007). At present, DNNs have been utilized in
various fields of engineering for predicting intelligent load, wind speed,
and solar irradiance (Jalali et al., 2021a,b,c).

LSTM (Long Short-Term» Meniory), as an eminent representative of
DNNSs, is an upgraded version of RNNs (Recurrent Neural Networks)
which has been developed to pass salient information across time steps
(Hochreiter and Schmidhuber, 1997). LSTM is well-matched and flex-
ible enough to approximate long-term nonlinear input-output re-
lationships in the domain of sequential learning tasks. The foremost
benefit of LSTM over the conventional FFNN is its ability to reminisce
patterns over a long time, owing to its incomparable progressive struc-
ture. BiLSTM includes two independent LSTM with a similar funda-
mental framework and chain-form structure for reiterating units in the
hierarchical mode (Graves and Schmidhuber, 2005).

In BiLSTM, the training sequence process contains the forward and
backward RNNs wherein connections among units shape a directed loop
and make data to stream in the interior of the network so as to the prior
information can be well-kept up for future use (Byeon et al., 2015). Both
models were represented to address limitations corresponding to the
gradients vanishing dilemma and relatively large historical data trans-
formation once backpropagation through time is performed (Abdel-
hameed et al., 2018). Its interior self-looped cells make it capable

enough to implement time series prediction tasks (Sutskever et al.,
2014).

Above and beyond, prediction performance also strongly depends on
the type of input variables, especially the longer frequency historical
data in different locations, which can certainly progress the ability of
models (Pelosi et al., 2016; Boithias et al., 2017). Because GWL is a
correlated, continuous, and probabilistic time series data, thus its time
dimension should be taken into account in modelling.

LSTM has been already employed as an enhanced deep learning
model in the field of hydrology science (Jeong and Park, 2019; Yin et al.,
2020; Lee et al., 2020; Bai et al., 2021; Dikshit et al., 2021; Feng et al.,
2020). Zhang et al., (2018) developed LSTM based model to forecast the
water table depth in agricultural areas. They reported that the suggested
model achieved better R? scores (0.789-0.952) compared to the tradi-
tional neural networks with relatively small R? scores (0.004-0.495).
Jeong et al. (2020) predicted GWL fluctuations based on the robust
training of RNN using corrupted data. They asserted that the optimal
cost function is the most effective method in discarding the impact of
outliers in the training process for Gangjin-Seongjeon monitoring well.
Vu et al. (2021) reconstructed missing GWL data through LSTM deep
neural network. They declared that the suggested approach entailed no
calibration for time-lag based data for processing and operations just
relied on GWL fluctuations to recuperate missing data in the employed
piezometers. Bowes et al. (2019) forecasted groundwater table in a
flood-prone coastal city via RNN and LSTM neural networks. The results
proved that LSTM neural network outperformed RNN.

Despite LSTM is a rising research field, yet various applications of
BiLSTM for more complicated natural data are still rare. The novelty of
the current study is developing an innovative layer structure of BiLSTM-
based models using the module of sequence-to-one for complex natural
phenomena like GWL fluctuations. To the best of the authors’ knowl-
edge, the last studies were limited in predicting GWL fluctuations with
module of sequence-to-sequence regression under the simple architec-
ture of DNNs models. No research has been reported in the literature on
examining the performance of unique proposed models (i.e., 4 and 5) by
the authors. One of the advantage of new suggested models is that newly
proposed models against the expensive, difficult, and time-consuming
module of sequence-to-sequence regression, do not require large
numbers of hydrological and meteorological variables records as indis-
pensable input data for modelling.

The specific objectives and scope of the present paper are as follows:
(1) to develop different layer structures of BiLSTM based neural network
models for accurate predicting of GWL fluctuations with time series
characteristics using mean monthly observed long-term water table
depth of 4 different piezometers without applying meteorological pa-
rameters in Miandoab plain, (2) to determine an optimal value of
hyperparameters such as type of state activation function (SAF), number
of hidden units (NHU), and learning dropout rate (P-rate) for better
configurating of designed models to decrease the effect of underfitting or
overfitting problems, and (3) to compare and analyze results of
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prediction for selecting the best model by using evaluation metrics.
2. Study area and observational data

2.1. Study area

Miandoab plain with an area of around 1100 km?, situated in the
South of Urmia Lake (one of the largest and saltiest water lakes on the
earth) at Miandoab city, West Azerbaijan province, the Northwest of
Iran. It has 36°58'10”N longitude and 46°06'10"E latitude coordinates
with 4311 ft above sea level. Miandoab plain is a division of Azerbaijan-
Alborz structural region with very prolific soil, a semi-arid and cold
climate (Norouzi and Moghaddam, 2020). Fig. 1 demonstrates the
geographical position of the study area.

Peak rainfall in this district befalls predominantly from January to
May. The average yearly rainfall and temperature were reported
approximately 284 mm and 12 °C (ranging from —10 °C in December to
30 °C in August), respectively (EARWO, 2020). In the summer, the real
evapotranspiration (ETa) ratio is high, so surface and groundwater
supplies are utilized as complementary reserves alongside rainfall. The
average yearly potential evapotranspiration (ETPot) is 900-1500 mm
and the maximum of irrigation happens in the spring and summer
(April-September) (Jalilvand et al., 2019), hence this area is extremely
prone to water dearth and groundwater plays a crucial role in diverse
objectives.

Zarrineh and Simineh are the most important rivers which regard as
the main surface water supplies to irrigate this district that after
providing this plain, bypass into Urmia Lake. The irrigation information
in this plain is merely reported for the surface irrigation and there are no
exact statistics about the water amount abstraction from rivers or wells.

Miandoab plain aquifer is unconfined and comprises old and recent
alluvial terraces, alluvial fans, and fluvial sediments. The depth of
aquifer differs from nearby a few meters in the margins of the plain to
over 75 m around Miandoab city. The stream direction of groundwater is
from the Southeast on the way to the Northwest. Also, in the Southeast
and the Northeast of aquifer, GWL is high and on the way to the outlet
becomes lower (Norouzi and Moghaddam, 2020).

Computers and Electronics in Agriculture 191 (2021) 106568
2.2. Data description and statistical analysis

In this research, to estimate GWL fluctuations in the study area, 186
monthly observed GWL datasets of 4 different observation piezometers
with different statistical attributes during time period (Sep 2001-Feb
2017) were attained from West Azerbaijan Regional Water Authority.
Fig. 2 displays the position of observation piezometers in Miandoab
plain along with Urmia Lake, basin, and two main rivers.

Table 1 provides descriptive statistics of GWL for employed pie-
zometers in Miandoab plain which STDV and CV represent the standard
deviation and coefficient of variation, respectively.

In the term of mathematical field, stationary systems are a stochastic
process in which joint possibility distribution does not alter with vari-
ations of space or time (Shiri et al., 2013). Thus, on the basis of statistical
parameters in Table 1, it could be deduced that datasets employed in the
calibration and validation are stationary. Fig. 3 depicts the long-term
time series of monthly recorded GWL of piezometers between Sep
2001-Feb 2017.

From Fig. 3 and Table 1, it is clear that the piezometer 2 has the most
range of GWL during the study period.

3. Methodology

According to results of Table 1, it is fathomable that the oscillations
trend of GWL in applied piezometers is too unbalanced and instable
particularly in the observation piezometer 2, attributable to complex
nature and nonlinearity by the high ranges, skewness, and kurtosis.
Consequently, it is necessary to operate robust precise methods for
modelling.

As aforementioned, different layer structures of BiLSTM based neural
network models are developed to forecast GWL in 4 observation pie-
zometers in the study area. In this direction, first of all, all datasets are
normalized to zero mean and unit variance based on the recommenda-
tion of Lawrence et al. (1997). Then, the standardized recorded datasets
are divided into two subgroups. The first 130 samples between Oct
2002-Sep 2012 (70% of total datasets) are applied for training of
designed models (calibration) and the remaining 56 samples between
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Fig. 1. Geographical position map of the study region.
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Fig. 2. Sites of observation piezometers in Miandoab plain, West Azerbaijan Province, Iran.

Table 1
Statistical parameters of GWL (m) the employed piezometers.
Piezometer Data period Mean Max Min Range STDV cv Skewness
1 Whole period 3.23 6.51 1.25 5.26 0.987 0.305 1.25
2 Whole period 12.55 17.21 7.92 9.29 2.21 0.18 0.17
3 Whole period 5.11 8 2.65 5.35 1.29 0.25 0.21
4 Whole period 5 7.2 271 4.49 0.84 0.17 —0.05

Oct 2012-Sep 2017 (30% of total datasets) are applied for testing
(validation).

3.1. LSTM neural network

Recurrent Neural Network (RNN) is a kind of neural network that
integrates prior information for predicting the forthcoming state of a
variable by the input data with given dependencies. In RNN, the mem-
ory cell takes into consideration an unfolded loop cell which permits the
prior information to pass into for forecasting of the next step. Though, its
systematized mode does not allow an operative evaluation for long-term
dependencies, since its learning process brings about exploding gradi-
ents in backpropagation through time (Graves, 2013).

Long Short-Term Memory (LSTM) was developed by adding hidden
units to the memory cell of RNN. This memory block is designed pur-
posefully to store information over long time periods (Hochreiter &
Schmidhuber, 1997). It holds four sections: a CEC (Constant Error
Carousel) cell in the company of three particular multiplicative units
namely gates. CEC cell performs in a such way without using any acti-
vation function (AF) in the entire chain so that the gradient does not
disappear when backpropagation through time is operated to train
LSTM. The input, forget, and output gates control the range in which
new input flows into a CEC cell. Under this process, information accu-
mulates in a cell plus a steady gradient computation inside of the
memory block, and the output of the cell flows into the rest of network
(Graves and Schmidhuber, 2005). Fig. 4 demonstrates the internal
memory cell and functioning mechanism of LSTM.

Under three gates in a cell state, information is processed through
successive calculations by following equations (Hochreiter & Schmid-
huber, 1997):

fi = o(Wpxt + Urh,_y + by) (2)
iy = 6(Wix, + Uihy 1 + by) (3)
C, = tanh(W.x, + U.h, | +b,) (C)]
C=f®C1+i@C, (5)
o = softsign(Wox, + Uph, 1 + by) (6)
ht = 0, @ ReLU(C,) ()

where x; indicates the input variable at time (1), C, ; is the memory unit
of network in the last timestep (t-1) which makes available the prior
information, C; is the state of memory at time (), h; is the output of
hidden state at time ¢, . 1 is a vector which contains values of the output
by each memory in the hidden layer at the previous time step (¢-1) or in
the primary hidden state. The forget gate, input gate, cell gate, and
output gate units are symbolized by f,, i, C, and o, respectively. The
memory cell learns at the time t on the basis of the input at the time t and
the output at the time (t-1) in the network. Wy, W;, W, and W, are weight
matrices of the forget gate, input gate, cell gate, and output gate units,
respectively. by, b;, b, and b, are the bias vectors of the forget gate, input
gate, cell gate, and output gate units, respectively. ¢ is the classical
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Fig. 3. Plot of time series for the observed GWL in applied piezometers.

Crr

n | tanh “ soﬂ:signl
hy.p a 0 > hy

Fig. 4. Internal stiucture and components of LSTM memory cell.

sigmoid activation function of the forget gate and input gate units. The
tanh, softsign, and RelU indicate activation functions of the cell gate unit,
output gate unit, and output, respectively. The element-wise multipli-
cation of two vectors is indicated with ¢ . All weights and bias vectors
compute under the learning process correspond to the training data
through optimization algorithms.

3.2. Bidirectional LSTM (BiLSTM) neural network

Graves (2013) introduced BiLSTM on the basis of different from the
general one-directional LSTM which has only the backward propagating
for gaining prior information in the historical variables when processing
data. The main difference between BiLSTM neural network and other
RNN network is that it employs several gates for performing the memory
cells to control the flow of inputs and output inside the network rather
than the conventional hidden layer architecture with nonlinear activa-
tion functions (Schuster and Paliwal, 1997; Graves and Schmidhuber,

2005). BiLSTM has also chain-like constructions, but repeating modules
with the intricate hidden layer are more complicated compared to the
conventional RNN. It comprises numerous parameters which allow it to
display dynamic temporal behaviors. In BiLSTM the layer of backward
LSTM was implanted to converse data and the hidden layer by gener-
ating the forward and backward information in order to the cells in the
network can concurrently obtain completely the previous and next
contextual information. The structure of BiLSTM is shown in Fig. 5.

There is no information about the flow between the forward and
backward layers to certify the non-cycle expansion graph (Yin et al.,
2020). The hidden layer of BiLSTM model requires to save two values of
hy and hp which engage in the forward and backward computations,
respectively. The ultimate output value (o, attains by combination the
outputs of forward and backward layers which can be formulated
mathematically as follows (Yin et al., 2020):

hy = f(wpxe + weahy 1) ®
hee = f (Wi x: + wazhy 1) ©

where hy is the forward LSTM network output, hy, is the backward LSTM
network output. The final output of the hidden layer is:

0: = g(Wo1 @ hy + wea @ hy) (10)

In the equations (8-10), w; is the corresponding weight coefficient
matrix which is applied recurrently at each time step.

3.3. Models development

In this modelling, an algorithm-tuning process is operated to achieve
a suitable configuration and improve the ability of designed models by
decreasing the overfitting impact. In this direction, the type of state
activation functions (SAF), value of dropout rate (P-rate), and network
topology pattern (NTP) as hyperparameters are tuned. Since there is not
a functioning instruction to set suitable hyperparameters for a model
with a certain dataset, this process ponders as a difficult and time-
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Fig. 5. BiLSTM structure diagram.

consuming task. Therefore, various scenarios must be categorized to
determine an appropriate value of hyperparameters by using a trial-and-
error procedure.

As advised by Maier et al. (2010), first of all, the architectural
structure of DNNs models should be designed on the basis of the intent of
research. Concerning, in the beginning, the general Single-LSTM neural
network model (1) with 5 layers is developed by using MATLAB 2021a
as the baseline model. Next, the discussers develop a Single BiLSTM
network model (2) with 5 layers. In addition, for tuning NTP hyper-
parameter in the model (2), three different layer structures of BiLSTM
based models (i.e., deeper models (3), (4), and (5)) are developed. Fig. 6
(A-E) the depicts layer structure of designed models.

Model (3) is a simple Double-BiLSTM model with 6 layers, while,
novel suggested models (4) and (5) are Double-BiLSTM with inserted
Addition ( + ) and Multiplication ( x ) layers with 7 layers, respectively.
To the best knowledge of the authors, the current study deliberates as a
unique investigation that delves the application impact of Addition and
Multiplication layers with the output mode of sequence on the perfor-
mance of prediction using the module of sequence-to-one regression.

In the construction of designed models, Input layer inputs the time
series GWL in the layers network models. In this direction, its size in all
models is set to 1.

Addition layer adds the inputs from multiple neural network layers
element-wise. All inputs to this layer should have an equal dimension
that is specified automatically by software, yet it has only a single output
(The MathWorks, Inc., 2021). A Multiplication layer multiplies the in-
puts from multiple neural network layers element-wise. The size of in-
puts to this layer must be either the same across all dimensions or the
same across at least one dimension with other dimensions that are
specified automatically by software, still, it has only a single output (The
MathWorks, Inc., 2021).

DNNs are compatible for evaluating big datasets, nevertheless, very
high datasets bring on overfitting. Concerning, since Dropout layer
presents an operational regularization scheme, it has been operated to
impede overfitting (Hinton et al., 2012). Its chief attribute is that in each
training reiteration that the system is updating, a certain layer in where
it has functioned, some neurons automatically discount with a given
probability rate of P (Srivastava et al., 2014). Hence, Dropout layer help
thwart the network on too much counting to given neurons in layers and
diminish the neurons’ co-compliance (Zhang et al., 2018). In the current
modelling, for tuning the amount of P-rate hyperparameter, different

values as 0.2, 0.5, and 0.8 are tested. By using a good tuned P-rate, the
model learns to estimate functions via certain existing resources i.e., the
number of layers and nodes per layer.

BiLSTM neural network has a high ability to learn long-period time
series datasets, still, their fitting ability can be insufficient (Zhang et al.,
2018), consequently a Fully Connected layer should be employed. It
multiplies inputs by a weight matrix and then adds a bias vector to
improve the fitting capability of model (The MathWorks, Inc., 2021). In
this modelling, its input size in all designed models is set as “auto” to
regulate mechanically by software and its output size is also set to
positive integer 1.

The finale layer of all designed structures is selected as a Regression
Output layer by which computes the “half-mean-squared-error loss” for
regression aim through loss function as follow,

N
Loss Z (ym - yﬂ)
i=1

where y;,;, and y, are measured and predicted value of GWL at time i,
respectively.

To tune SAF, different combinations of softsign and tanh in BiLSTM
layers are applied, separately, and for tuning NHU, various amounts in
all designed models are checked along with adopting a trial-and-error
process.

To update the network weights and bias in all designed models,
training options are set to “Adam” optimization algorithm with
maximum epochs of 1000, an “Initial Learning Rate” of 0.001, a “Learn
Rate Drop Period” of 125, and a “Learn Rate Drop Factor” of 0.2. In
addition, in order to avert the gradients exploding problem, “Gradient
Threshold” and “Initial Batch Size” are set to 1 and 128, respectively.
Technically, these factors consider norms of all designed models which
have a perceptible impact on their performance.

(12)

4, Performance evaluation metrics

In this paper, R? (coefficient of determination) and RMSE (root
means square error) are employed to assess the ability of all designed
models on predicting GWL in the study area. R? is applied to evaluate
how deviations in a variable can be explicated with variance in a second
variable when forecasting an event, which ranges between [0,1]. RMSE
measures the precision of models and goodness-of-fit related to high
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Fig. 6. Architect of LSTM and BiLSTM based layer network models: (A) Structure of the general Single-LSTM network model (1), (B) Structure of Single-BiLSTM layer
network model (2), (C) Structure of Double-BiLSTM layer network model (3), (D) Structure of Double-BiLSTM layer network model combined with Addition layer (+
) (model 4), (E) Structure of Double-BiLSTM layer network model combined with Multiplication layer ( x ) (model 5).
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estimated values which generate a positive amount by squaring errors.
Its scores range amongst [0, co]; if RMSE is 0, the model regards as the
perfect one. R% and RMSE equations are defined as follows,

R — (Zi—l (i —p) (v —my) )k (3)

No.o,

G

where N is the number of datasets, x; and y; are observed and predicted
GWL at time i, o, and o, are standard deviation (SD) of observed and
predicted GWL, respectively, y, and p, are the mean of observed and
predicted GWL, respectively. The best values of the above-mentioned
metrics are 0 and 1, respectively.

5. Results and discussion
5.1. Validation of general Single-LSTM and Single-BiLSTM models

Since determining an optimal type of SAF, P-rate, and NHU is a
difficulr task, numerous scenarios are characterized for all piezometers.
After implementing, appropriate amounts of P-rate and NHU for the
model (1) in all piezometers are obtained 0.5 and 100, respectively and
for the model (2) are obtained 0.5 and 175, respectively. Besides, a
suitable type of SAF for both models is achieved tanh. In all piezometers,
final values of Loss, RMSE, and Learning rate for the general Single-LSTM
model (1) and Single-BiLSTM model (2) in the training phase under
optimal hyperparameters after 1000 reiterations are presented in
Table 2.

After training, each model is tested using the validation dataset.
Results of both models under optimal hyperparameters in the testing
phase are presented in Table 3.

By comparison of Tables 2 and 3, it can be understood that both
models in the training phase are more accurate than the testing phase,
moreover, the model (2) is more precise than the model (1) in the testing
phase. All in all, because both models show weak performance, they are
not capable to operate for modelling GWL in the study area.

5.2. Results of Double-BiLSTM models

Under numerous experiments, in all piezometers, appropriate
amounts of P-rate and NHU for the model (3) are determined 0.5 and
150, respectively, and for both newly proposed models (4) and (5) are
determined 0.5 and 130, respectively.

As aforesaid, different combinations of AF including tanh-softsign,
tanh-tanh, softsign-softsign, and softsign-tanh were employed in SAF of
BiLSTM layers. In this respect, after several experiments, tanh-softsign
combination is determined as a suitable choice in all piezometers. The
phrase “tanh-softsign” denotes that the type of SAF in BiLSTM layers 1
(SAF;) and 2 (SAF,) are tanh and softsign, respectively. This combination
brings on learning more intricate functions and not to be more prone to
vanishing gradients problem during training. Technically, softsign acti-
vation function can intensify the speediness of model training, mean-
while, tanh can capture suitably complicated correlations of long-term
time series. Besides, the type of data plays a significant role in deciding
which combination is the best to choose.

Table 2
Final values of Loss, RMSE, and Learning rate in the training phase of models (1)
and (2) under optimal hyperparameters.

Model Loss RMSE(m) Learning rate
Model 1 1E-3 1E-3 1.28E-8
Model 2 1E—4 1E—4 1.28E-8
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Table 3
Results of models (1) and (2) under optimal hyperparameters in the testing
phase.

Piezometer ~ NHU RMSE(m) R?
Model Model Model Model Model Model
@ 2 (6)) ) [6)) @
1 100 175 0.44 0.36 0.61 0.71
2 100 175 0.65 0.51 0.46 0.59
3 100 175 0.58 0.42 0.55 0.65
4 100 175 0.39 0.28 0.69 0.76

In all piezometers, final values of Loss, RMSE, and Learning rate for
Double-BiLSTM models (3, 4, and 5) in the training phase after 1000
reiterations under optimal hyperparameters are presented in Table 4.

After training, the ability of these models is tested using the valida-
tion dataset. Results of optimal Double-BiLSTM models in the testing
phase under optimal hyperparameters are presented in Table 5.

As said in Table 5, it can be discerned that all models in the training
phase are more accurate than the testing phase, moreover, the model (5)
is the most accurate one.

5.3. Performance comparison of models used

In the present modelling, to assess the performance of all designed
models, discussers accentuate their substructure and capacity.
Regarding, MATLAB 2021a presents a remarkable factor namely, TLP
(Total Learnable Parameters), as a crucial criterion to specify the actual
capacity of models. Explicitly, a model with proper NTP and an optimal
NHU yield in a well-proportioned TLP and a capable system. In this di-
rection, Table 6 is provided to represent characteristics of designed
models under optimal hyperparameters for all piezometers in the testing
phase.

Based on Table 6, it can be concluded that due to the model (1) holds
least TLP, it has too little capacity and has underfitted in all piezometers.
Therefore, it is not capable to forecast GWL fluctuations in the study
area.

Besides, as can be seen from Table 6, increasing the number of
BiLSTM layer in the model (2) with the same P-rate, caused to improve
noticeably the accuracy of forecasting in all piezometers. As such, the
model (3) in comparison with model (2) under optimal hyperparameters
causes to decrease in the value of RMSE by approximately 7.2% in all
piezometers.

The model (3) owing to the highest TLP, weights up undoubtedly as
the most capacity model and is also expected spontaneously as the best
and accurate one. But, consistent with two-evaluation metrics, it is
observed that newly proposed models (4) and (5) outperform and pre-
dict more accurately than the model (3) in the same P-rate and SAF. The
main reason for this nonconformity can be justified based on the value of
TLP. In practice, due to the over extra TLP value in the model (3), it has
memorized the training dataset, meaning it has slightly overfitted or has
gotten stuck and lost during the optimization process. On the other
hand, according to the value of TLP in newly proposed models (4) and
(5), it can be construed that inserting Addition and Multiplication layers
in the model (3) induces to create a good-adjusted TLP value. Hence,
they have a greater representational capability and learning ability to
approximate mapping functions.

Table 4
Final values of Loss, RMSE, and learning rate of Double-BiLSTM models in the
training phase under optimal hyperparameters.

Model Loss RMSE(m) Learning rate
Model 3 1E-4 1E-4 1.28E-8
Model 4 1E-5 1E-5 1.28E-8
Model 5 1E-5 1E-5 1.28E-8
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Table 5
Results of Double-BiLSTM models under optimal hyperparameters in the testing
phase.

Piezometer ~ RMSE(m) R?
Model Model Model Model Model Model
(3) 4) (5) 3) “4) (5)
1 0.28 0.21 0.19 0.74 0.82 0.84
2 0.34 0.29 0.27 0.61 0.72 0.75
3 0.30 0.23 0.20 0.70 0.80 0.83
4 0.25 0.19 0.17 0.77 0.86 0.89
Table 6

Statistical indices values for designed models under optimal hyperparameters in
all piezometers.

Piezo meter Model P-rate NHU RMSE(m) R? TLP

1 1 0.5 100 0.44 0.61 40,901
1 2 0.5 175 0.36 0.71 248,151
1 3 0.5 150 0.28 0.74 723,901
1 4 0.5 130 0.21 0.82 274,821
1 5 0.5 130 0.19 0.84 274,821
2 1 0.5 100 0.65 0.46 40,901
2 2 0.5 175 0.51 0.59 248,151
2 3 0.5 150 0.34 0.61 723,901
2 4 0.5 130 0.29 0.72 274,821
2 5 0.5 130 0.27 0.75 274,821
3 1 0.5 100 0.58 0.55 40,901
3 2 0.5 175 0.42 0.65 248,151
3 3 0.5 150 0.30 0.7 723,901
3 4 0.5 130 0.23 0.8 274,821
3 5 0.5 130 0.20 0.83 274,821
4 1 0.5 100 0.39 0.69 40,901
4 2 0.5 175 0.28 0.76 248,151
4 3 0.5 150 0.25 0.78 723,901
4 4 0.5 130 0.19 0.86 274,821
4 5 0.5 130 0.17 0.89 274,821

Above and beyond, on the basis of Table 6, the optimal performance
of prediction is achieved in the piezometer 4 on account of better sta-
tistical indices. We justify it owing to the least range of GWL fluctuations
in the piezometer 4 compared to other ones, which connotes the high
stability and steadiness of water table depth.

Results of models under optimal hyperparameters with respect to the
running time in the piezometer 4 are presented in Fig. 7.
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Based on Fig. 7, it can be inferred that on account of the highest TLP
in the model (3), it has permitted to learn more and even globally op-
timum weight sets, and accordingly has taken longer outstandingly to
train. Whilst, due to the lowest TLP in the model (1), it has brought forth
to learn faster sub-optimal weight sets. As can be observed from Fig. 7,
by increasing P-rate in the same model, the running time decreased,
moreover, because the lowest running time in the model (2) among
Double-BiLSTM muodels, it considers the fastest model.

Fig. 8 displays measured and predicted GWL by models (5) and (3)
under optimal hyperparameters in the piezometer 4, respectively. For
concision, only results of the piezometer 4 are presented.

As seen from Fig. 8, owing to the high ability of model (5), it captures
fittingly variations trend of the measured GWL, nonetheless, the model
(3) has gone belly in up and down, especially in the peak and bottom
points, that indicates further deviations from the measured GWL.

By more attention in Tables 5 and 6 and Fig. 8, it can be distinguished
that there is not a substantial statistical difference between newly pro-
posed models (4) and (5) under optimal hyperparameters. Scilicet, these
Tables and Figure are not able to provide any useful information such as
full distribution of predicted dataset and relative amplitude in the
testing stage. Accordingly, a violin plot is employed to determine a su-
perior model as is shown in Fig. 9.

According to Fig. 9, based on the mean and maximum GWL in models
(4) and (5), it can be deduced that there is no significant deviation
among these models in comparison with the observed model. Although
both models (4) and (5) overestimated the minimum GWL compared to
the observed one, the model (5) outperformed to some extent the model

.
6. Summary and conclusion

In this study, the discussers were interested in forecasting GWL
fluctuations of four different piezometers with different statistical fea-
tures during the time period (Sep 2001-Feb 2017) in Miandoab plain.
Regarding, different layer structure of BiLSTM based models for accu-
rate predicting GWL fluctuations with time series characteristics were
designed. For reducing overfitting effects, the algorithm tuning along
with a trial-and-error process were adopted. The major results of
modelling are as follows:

1. All models in the training phase were more accurate than the testing
phase. Moreover, under numerous experiments, in all piezometers,
appropriate amounts of P-rate were determined 0.5. Besides, the

Model (1) ®Model (2) ®Model (3) ®WModel (4) ®Model (5)
- 648
700 o
600
% 500
g
= 400
=11}
=
= 300
=
=
& 200
100
0
0.2 0.5 0.8
P-rate

Fig. 7. Results of models under optimal hyperparameters with respect to the running time in the piezometer 4.
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Fig. 8. Comparison between measured and predicted GWL by models (5) and (3) under optimal hyperparameters in the piezometer 4.
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Fig. 9. Violin plot of newly proposed models (4) and (5) under optimal
hyperparameters in the piezometer 4.

optimal performance of prediction is achieved in the piezometer 4
owing to the least range of GWL fluctuations compared to other ones.

2. On account of severe vacillations of GWL in the applied observation
piezometers during the study period, the general Single-LSTM and
the simple Single-BiLSTM layer network showed weak performance
in comparison with other models. However, by deepening simple
Single-BiLSTM model via effective relevant hidden layers instead of
many numbers of nodes, its performance strikingly improved. Thus,
it can be concluded that boosting the capacity of simple Single-
BiLSTM based model via expanding depth was confirmed as a suc-
cessful scheme.

3. In spite of the highest TLP in the model (3), the newly proposed
models (4) and (5) outperformed and predicted more accurately than
the model (3) under optimal hyperparameters. Accordingly, it can be
concluded that an unbalanced capacity or TLP caused to reduce the
performance of model due to the overfitting condition.

4. Using nonidentical nonlinear AF in the hidden layers of designed
Double-BiLSTM structures especially tanh-softsign combination,
caused models not to be more vulnerable to the vanishing gradients
problem. Likewise, this scheme engendered to learn more compli-
cated functions, and consequently, better results in high ranges and
standard deviations value of GWL in the training stage.

10

5. Inserting Multiplication and Addition layers in the simple Double-
BiLSTM based model yielded a model with a good-balanced TLP
value, and consequently, a better capability and learning ability.

6. By increasing P-rate in the same model, the running time decreased,
moreover, because the lowest TLP in the model (2) among Double-
BiLSTM models, it considers the fastest model.

7. Since the operated framework and structure of BiLSTM based models
were developed in missing conditions of meteorological parameters
records, so these models can be directly utilized for diverse climatic
districts in the world. Thereby, the employed methodology and data
management could be transferable to other regions.

The suggested unique structure models (4) and (5) by discussers are
different from conventional neural network models, since they have not
been frequently operated in the field of hydrology. Ultimately, the dis-
cussers prefer the newly proposed model (5) as the most superior and
reliable model for forecasting time-based parameters with sufficient
accuracy. It presents an encouraging novel model with reasonable per-
formance to predict GWL fluctuations under different circumstances of
water resources management. It is suitable for districts wherein
complicated meteorological and hydrogeological parameters are
missing or difficult to acquire, and accordingly, physical interactions of
the surface-groundwater are indefinite. Besides, it could be employed
for any type of time series forecasting task.

In the end, the discussers introduce TLP value as a key measure and
decisive norm to judge on predicting the ability and performance of
designed DL-based models, as it shows the actual capacity and occur-
rence possibility of the overfitting condition.
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