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Abstract. Evaluation and optimization of tunnel wall convergence (TWC) plays a vital role in preventing potential problems
during tunnel construction and utilization stage. When convergence occurs at a high rate, it can lead to significant problems such
as reducing the advance rate and safety, which in turn increases operating costs. In order to design an effective solution, it is
important to accurately predict the degree of TWC; this can reduce the level of concern and have a positive effect on the design.
With the development of soft computing methods, the use of deep learning algorithms and neural networks in tunnel
construction has expanded in recent years. The current study aims to employ the long-short-term memory (LSTM) deep neural
network predictor model to predict the TWC, based on 550 data points of observed parameters developed by collecting required
data from different tunnelling projects. Among the data collected during the pre-construction and construction phases of the
project, 80% is randomly used to train the model and the rest is used to test the model. Several loss functions including root
mean square error (RMSE) and coefficient of determination (R?) were used to assess the performance and precision of the
applied method. The results of the proposed models indicate an acceptable and reliable accuracy. In fact, the results show that the
predicted values are in good agreement with the observed actual data. The proposed model can be considered for use in similar
ground and tunneling conditions. It is important to note that this work has the potential to reduce the tunneling uncertainties
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significantly and make deep learning a valuable tool for planning tunnels.

Keywords: convergence estimation; deep neural network; LSTM; optimization; tunnel wall convergence

1. Introduction

Due to the rapid growth of the population, tunnels are
becoming increasingly necessary for transportation and
travel. To reduce hazards and improve predictability, tunnel
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construction is becoming increasingly popular among
engineers around the world. Determination of geological
characteristics along the tunnel route, the design features,
the installed maintenance systems, as well as the
construction expenditures are the most uncertainties in
NATM or TBM tunnelling projects. Improper tunnel
designs by engineers based on pre-construction studies can
result in increased time consumption, cost overruns, and
even the death of working personnel (Mahmoodzadeh et al.
2022a).

It is necessary to mention that tunnel wall convergence
(TWC) is one of the most concern for tunnel construction.
Possible risks can be reduced through performing the
correct maintenance of tunnel and accurate prediction of
this vital parameter. In recent decades, a few models
including empirical, analytical, arithmetic, and soft
computing methods have been proposed for estimating the
TWC parameters of tunnelling projects.

Analytical methods (Fahimifar et al. 2010, Nomikos et
al. 2011, Sterpi and Gioda 2009) and numerical
methods (Debernardi and Barla 2009, Nadimi et al. 2011,
Sharifzadeh et al. 2013) aim to model and solve
the rheological and mechanical equations that monitor the
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TWC during certain times. However, despite their
considerable benefits, analytical and numerical methods
have trouble being implemented in the field because they
depend on precise parameters. Finding the proper
parameters are also difficult because of the small scale of
the laboratory compared to the field (Sterpi and Gioda
2009) and/or the time and expense of the
tests needed to classify materials' rheological behavior
(Guan et al. 2009).

The empirical methods can be considered as a powerful
alternative strategy that might recreate the actual
convergence patterns using rudimentary models just based
on limited factors (Kontogianni et al. 2006, Sakurai 1978).
Based on the mentioned techniques, a software platform can
be developed to define and prediction TWC and also assess
the convergence of actual tunnels by using experimental
data and curve fitting techniques (Asadollahpour et al.
2014, Vu et al. 2013). Nevertheless, these models of
methodological convergence are not yet practical for
application, and selecting appropriate parameters for their
use is challenging, making their use difficult when
measuring TWC. It needs a more comprehensive study to
decide this (Gonzalez and Jiménez 2011).

With the development of soft computing methods, the
use of deep learning and neural networks in the fields of
tunneling and geomechanics engineering have expanded in
recent years (Mahmoodzadeh et al  2022b,
Mirzaeiabdolyousefi et al. 2022, Fakhri et al. 2022, Bai et
al. 2021, Luat et al. 2020, Liu et al. 2021a, b, Xiang et al.
2021). These methods have also shown good accuracy in
the prediction of TWC. Researchers have used a variety of
machine learning (ML) techniques in order to accomplish
this aim. These techniques include adaptive neuro-fuzzy
inference system (ANFIS) (Adoko and Wu 2012), artificial
neural networks (ANN) (Adoko er al. 2013, Rafiai and

Moosavi 2012), support vector machines (SVM)
(Mahdevari et al. 2013).
Since many ML algorithms have different

hyperparameters, it is crucial to optimize them to explore
the robustness of the method for TWC prediction. This is
because the ML algorithms have distinct
hyperparameters. This study aims to employ long-short
term memory (LSTM) algorithm for TWC prediction.
According to the literature review (Adoko et al. 2013,
Mahdevari et al. 2013, Feng et al. 2019, Hajihassani et al.
2019), this is the first comprehensive study of the use of
LSTM to predict the TWC in the field of geotechnical
engineering. The model is trained using 550 previous tunnel
data points. The LSTM model was implemented for various
hyper-parameter varieties and hidden layer structures to
enhance its accuracy and performance. In order to avoid
overfitting, the dropout method was used. K-nearest
neighbors (KNN), generalized prediction and reweighting
(GPR), support vector regression (SVR), and a decision tree
are all compared to the LSTM model's results. Testing the
accuracy of mentioned models is performed. The results of
this study can be used to develop early warning systems for
TWC. In addition, this research has the potential to be used
as a foundation for future applications of LSTM to other
issues in geotechnical fields.

2. Literature review

Adoko and Wu (2012) used an ANFIS approach to
predict the convergence of tunnel that was excavated using
the new Austrian tunneling method (NATM). In their study,
they collected a database containing 1057 data sets, and the
ANFIS output demonstrated high level of accuracy based
on predicted values. Their model was proposed as a
predictor network for estimating of convergence in tunnels
that was excavated by NATM method.

The prediction of TWC was performed using an ANN
method by Mahdevari et al. (2012). Four parameters
including cohesion (C), angle of internal friction (¢ ),
elasticity modulus (E), and uniaxial compressive strength
(UCS), and one geomechanical parameter of uniaxial tensile
strength (o;), were found to have the greatest and least
significant effects on the TWC, respectively, Out of the 12
effective input parameters considered in their study.

In order to foretell the TWC excavated by a tunnel
boring machine (TBM), Mahdevari et al. (2013) used two
methods of machine learning including ANN and SVM
algorithms. Despite the fact that both of them were capable
of accurate prediction, the SVM had a better performance.

The convergence of lined circular tunnels was predicted
using a neural network (ANN)-based solution method by
Rafiai and Moosavi (2012). They explained the constraints
of the solution.

To predict the TWC with a bullet train, Adoko et al.
(2013) used a mixed-model ANN and Markov analysis of
relative speeds and distances. Finally, the study revealed
high precision in the TWC model predictability compared
with MARS.

Mahdevari et al. (2013) developed a dynamic predictor
model for prediction of TWC on-site by using SVM
network. Their model was flexible enough to be updated
during the tunnel construction, as well as used data from
newly excavated ring sections as part of the model's
training. The updating process improved the accuracy of the
results in every excavated rings.

For better prediction results of the convergence
phenomenon, Feng et al. (2019) proposed a Bayesian
approach to update the model with new data monitored
during the tunnel construction.

Using the gene expression programming (GEP) method,
Hajihassani et al. (2019) proposed a model and
demonstrated its efficiency in predicting TWC.

Eight different ML techniques were employed by
Torabi-Kaveh and Sarshari (2020) to predict the TWC rate:
SVR, MLP-ANN, GPR, RBF-ANN, MNR, RT, MLR, and
ET. MLP-ANN had the highest predictive accuracy for
TWC out of the eight models used, while RT and GPR had
the lowest accuracy.

3. Methodology

In spite of the many benefits of ML approaches, there is
no universally applicable model of ML, according to the
No-Free-Lunch theorem. In order to complete various
optimization tasks, researchers have tried to evaluate the
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Fig. 1 Structure of LSTM network

effectiveness of different machine learning methods. The
following are some of the key features of the LSTM model
that motivate its use by the authors:

The present problem's data has a time dependency
characteristic. To address this, we use recurrent neural
network (RNN)-based models that can take into account
temporal context. LSTM solves the problem of regulating
the distribution and combination of inputs according to
qualifying weights by adding knobs. In this way, LSTM
gives us the most agency, and hence results that are the best.
This, however, results in higher operational costs and
complexity. Therefore, LSTM is chosen instead of simple
RNN to obtain maximize accuracy. Evaluating the collected
database is an important factor to identify the appropriate
algorithm. Some artificial intelligence networks such as
SVM and MLP can be performed by using small dataset,
while others like RNNs can handle big database. While a
number of algorithms including simple RNN, GRU, ANN,
and LSTM prefer numeric input, others such as
convolutional neural network (CNN) can handle categorical
data.

3.1 Long-short term memory

Deep learning (DL) is a standard form of neural network
with many layers. The knowledge included within DL
networks is easier to remember than knowledge contained
in simple neural networks. An RNN is a type of neural
network that combines a loop network and a neural
network. Across these loops, information persists in the
networks. This network collects inputs and data from
previous networks, executes specified procedures, and
outputs the next network output. Only present knowledge
may be required for certain applications, while extra
information from the past may be needed for others. There
is a learning delay in deep neural networks by which the
gap between identified and required input is improved.
However, LSTM networks are a special type of RNNs that
are able to study these situations. Such networks are

designed in such a way that they can reduce the problem of
long-term dependence in permanent networks.

Recalling knowledge over a long period of time is a
vital function of LSTM. This is a common choice because
the accuracy of the model always depends on the sum of
prior knowledge. The basic LSTM module, also known as
the repeating module, interacts with four layers of neural
networks, as presented in Fig. 1. In the module, there are
three gates with activation functions of 61, 62, and o3, and it
contains two output activation functions such as ®1 and
®2, as shown in Fig. 1. To depict addition and
multiplication element-by-element, the ¥ and © symbols are
used. A bullet (*) symbol is representative of concatenating
mathematical procedures. The cell state is the main
component of LSTM, in which the current block memory
(Sr-1) is produced from the prior block memory. Later in the
process, the information flow is promptly approved. The
first layer (S;) in the network determines the sum of the
prior knowledge to flow, and Eq. (1) shows the activity that
is performed by this layer.

In the network, the two layers and the communication
between them affect the storage of new data in the cell state.
Eq. (2) shows a sigmoid layer (o) that determines the I
value to be updated, and Eq. (3) shows a @, tanh layer that
generates a new candidate value (S7;). To create an item,
both of them must be added with the state. The cell state is
finally replaced with Eq. (4).

e = 0y(Wep - [Or_1,%e] + bep) (1)

I, = oy(WI - [0,_1,x,] + bI) )
S = tanh(WS - [0,_y,x.] + bS) 3)
Se = (cpe X Su) + (Ip X S™¢_y) 4)

In this paper, a new TWC dataset consisting of 550
samples is collected from several tunneling projects during
the construction period of tunnels in different locations in
Iran. Our investigation shows 12 effective input parameters
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Table 1 Statistical analysis of the defined factors (input parameters).

Arsalan Mahmoodzadeh et al.

GL[m] C[kPa] ¢[°] E[MPa] v UW[kN/m*’] H[m] W[m] CA[m?] X[m] TC [mm)]
mean 41.625 21.527 23.645 52592 02965  19.983 14134 10236 85.6213 24.6000 27.314
STD 62.081 8.7795 15278 21.075 0.1069  5.6418 141.89  2.0742 31.0371 14.5955  33.659
min  0.0000 2.0000 2.0000 12.000  0.1000 5.0000 9.0000 4.5500 16.2515 0.0000  0.0000
25% 5.0000 14.000 12.000 37.000 02200  15.000  43.000 8.5400 57.2513 12.0000  4.4000
50% 13.000 22.000 22.000 46.000 03300  21.000  65.000 11210 98.6463 24.5000 11.350
75% 45.000 26.000 32.000 66.000  0.3600 24.000 234.00 11.887 110.930 37.0000 42.000
max 345.00 55.000 79.000 127.00  0.4900 34.000 665.00 14.000 153.860 50.0000 178.40
Table 2 The frequency table of the nominal parameters of EM and CS.

Parameter Type Frequency
TBM 29%
EPB-TBM 24%
EM NATM 28%
DB 19%
Circular 47%
s Horseshoe 53%

on TWC based on the experience gained from the different
types of tunnel construction, available information on the
considered tunnels, and the previous studies in this field.
The input parameters are groundwater level (GL), cohesion
(C), friction angle (¢), elasticity modulus (E), Poissons’
ratio (v), unit weight (UW), tunnel depth (H), tunnel width
(W), tunnel cross-sectional area (CA), tunnel cross-
sectional shape (CS), distance from tunnel face (X) and
finally excavation method (EM). Therefore, defined dataset
has 12 input parameters and only one TWC output factor.

4. Experimental results

This section describes the tests performed with the
optimized algorithms and the obtained results.

4.1 Collected dataset

To ensure that the considered system is applicable to a
variety of tunnel designs, two characteristics including the
shape of the tunnel section and the excavation method are
defined. For the cross-sectional shape, two circular and
horseshoe modes, and four modes including tunnel boring
machine (TBM), earth pressure balance machine (EPB-
TBM), NATM, and drilling blasting method (DB) are
considered for the excavation method. Applying such
features within the database can increase the flexibility and
accuracy of the DL forecasting models.

Table 1 presents a quick overview of collected and
gathered dataset. In this table, the statistical analysis
including the mean, standard deviation (STD), minimum,
maximum, and first, second, and third quartiles of each
parameter are reported. In addition, for nominal parameters,
the frequency table is reported in Table 2.

The TWC can be considered in different directions. In
this study, the horizontal distance between the right and left
walls of the tunnel is considered. In Fig. 2, the correlation
between input and output parameters is presented. Fig. 3
shows that the estimation of TWC by using linear and
statistical methods has a lot of error and low accuracy.
Therefore, it is necessary to use non-linear methods (deep
learning) to find patterns between inputs and output (TWS).

4.2 Evaluation metrics

The system’s performance is measured using K-fold
cross-validation (K=5). In cross-validation the samples are
randomly subdivided into K subsamples of equal size. One
subsample (K-1) is utilized for training, while the remaining
(K) samples are used for testing the validation of model. All
of the experiment data is used for both training and
validation subsets, which is an advantage over methods that
repeatedly use random subsamples. A verification
experiment is only ever used once for verification purposes.

Different loss functions, including the coefficient of
determination (R?) and the root mean square error (RMSE),
are used to evaluate the accuracy of the suggested model.

5. Development of neural networks
5.1 Normalization method

One of the main functions of machine learning is data
standardization (Mahmoodzadeh et al. 2022a, b). As a result
of various sources of information, outputs may not always
conform to the same standard sizes and measurement
systems. As a result, normalizing data during training, can
help models converge more quickly with lower errors. All
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Fig. 2 Correlation between input parameters and TWC factor

data in this work are normalized to a range of zero to one
using the Min-Max normalization method (see Eq. (5)).
x — Min

X = —

O™ Max — Min
where x and X 1) denotes the original and normalized data
respectively; Min and Max are represents the minimum and
the maximum values of the entire dataset, including the

training and testing data.

Min-Max normalization is a common and powerful
technique in the research literature. If the range of values is
expanded, this normalization approach may require redoing

®)

if the range of values is expanded after adding new data
(Mahmoodzadeh et al. 2022a, b). It is suggested that the
Max-Min range be expanded to cover a wider range of
values than the extreme values of the original data in order
to address the issue described above. In this manner, the
new data will always fall inside this Max—Min range.

5.2 Model optimization
In order to coding the LSTM algorithm, the Tensor flow

library in Python was used. This package offers a high-level
programming interface for neural networks. The
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computation was carried out on an Intel(R) Core (TM) i7-
10750H CPU running at 2.60 GHz with 32 GB of RAM.

The establishment of hyperparameters is integral to
optimizing training velocity and ensuring reliable
predictions. The best settings for a given set of parameters
may be found via parametric analyses. After some testing,
acceptable ranges for variables likeepoch number [10, 30,
60, 100, 150, 200, 250, 300], hidden neurons [8, 16, 32, 64,
128], batch size [8, 16, 32, 64, 128], and dropout rate [0.1,
0.2, 0.3, 0.4, 0.5] are determined. It is possible to determine
the best hyperparameters by analyzing the R?> and RMSE
values, which are used to evaluate the performance of a
prediction model.

Due to the inherent unpredictability of the method, each
iteration may provide a unique result. Therefore, the
developed models are trained for 25 random tests and then
two loss functions including R?> and RMSE are apply during
the testing period to ensure the accuracy of the prediction.
The optimum values that were found are as follows: 64
hidden neurons, a 16-item batch size, a 0.3 percent attrition
rate after 100 iterations, and ReLLU activation function.

For illustration purposes, the procedure of choosing the
optimum epoch number for the LSTM model is clarified in
the following paragraph. As far as the number of epochs is
concerned, epochs [10, 30, 60, 100, 150, 200, 250, 300] are
chosen and compared. The box-plots of R* and RMSE for
the testing period using the LSTM model with various
training epochs are depicted in Fig. 3. At first, by increasing

the number of epochs, R? rises while the RMSE falls. The
accuracy starts to decline at this point, indicating an
overfitting situation. The optimum number of epochs is 100.

The Rectified Linear Unit (ReLU) ReLu(x) = {g’ ); z 8

activation function is adopted in the output layer. The
Nesterov-accelerated adaptive moment estimation (Nadam)
is applied as an optimization algorithm. When it comes to
the activation functions in the output layer, varieties of
commonly-used activation functions are analyzed, including
linear, hard sigmoid, exponential, scaled exponential linear
unit (SELU), sigmoid, tanh, ReLU. The outcomes of the
testing period are summarized in Table 3. The largest R? of
0.96 and the smallest mean RMSE of 4.40 mm are yielded
by The ReLU-based LSTM model. The ReLU-based LSTM
model also outperforms almost all other activation functions
in terms of mean time consumption (36.53 s). As a
consequence, the ReLU-based LSTM model is very
appropriate for this study.

6. Results and discussion
6.1 Comparison of the LSTM and other ML methods
The previous section investigates the performance of the

neural network model and shows the usefulness of the
network in predicting TWC. The results of the proposed
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Fig. 4 Comparison of the ML models through their R? values

Table 4 Comparison of the LSTM model with other ML
techniques

Statistical | <\ KNN GPR SVR DT
indices

R? 0.96 090 093 091 084

RMSE 4.40 684 513 629 7152

model should be compared with other ML methods to select
the best and most flexible model. The four other ML
models—GPR, SVR, DT, and KNN—all yielded the same
outcomes as the optimized LSTM model. The models were
fine-tuned by testing various hyper-parameters and
architectures.

The best results from each models were used for the
comparison. All five ML models' R? values are compared,
as presented in Fig. 4. As can be seen the results of R?
shows that the LSTM network is more accurate than the
other models. As a second level of precision the GPR model
has produced the high accuracy. Considering R>=0.84, the
DT model has minimum accuracy.

Table 4 presents the results of the statistical measures R?
and RMSE, and it is clear that the improved LSTM model
has the best accuracy. After the first approach, GPR is the
second-most precise technique.

Thus, the LSTM model generated the most accurate
TWCs compared to the other four ML models investigated

in this research, given the datasets provided for this
investigation. It is not important how the dataset is divided
into training and testing sub-datasets, so that the other
models not only has a good correlation, but also offer
incredible accuracy.

Definitely, it's worth to mention that the prediction
outcomes rely on kind of prediction model as well as the
type and amount of factors examined in the database that all
of the mentioned features play a vital role. Nevertheless, the
approaches of this research show the highest accuracy of
predictor networks and the appropriate selection of factors
affecting TWC comparing with previous studies.

6.2 The influence of input time series length

The size of input time series data is determined by the
length of the sliding window (denoted as Ls in this study).
For example, if the frequency of recorded time series data is
1 meter and Ls = 10, the LSTM will be trained to predict
the TWC at the next meter using data from every 10 meters.

The LSTM network is trained with various values of L
so that the effect of input time series length (Ls) on the
model performance could be studied. The R? and RMSE of
models using different Ls for prediction are illustrated in
Fig. 5. The maximum R? values for LSTM model prediction
range from 0.97 to 0.98 (Fig. 5(a)) whereas the minimum
RMSE values are between 4.05 mm and 4.28 mm (Fig.
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Fig. 5 (a) R? and (b) RMSE values of the LSTM model with different lengths of input time series

5(b)). These results indicate that there is a satisfactory
performance of the LSTM model. Therefore, with respect to
these results, the LSTM model is resilient and its
performance is independent of the input time series length.

6.3 Comparison of single-layer LSTM and multilayer
LSTM

Multilayer models are typically explored to enhance
prediction precision or address more complex issues. So far,
the LSTM network has only used a single layer. The model
is tested with two, three, and four hidden layers to
determine how changing the number of hidden layers
influences the results of prediction. Table 5 summarizes the
outcomes of LSTM models with both single and multiple
layers. Increasing the number of hidden layers from one to
three yields better results in terms of loss functions such as
R? and RMSE. The approaches obtained from the four-layer
model are not more accurate and even the accuracy of the
network is reduced to a small amount. It was decided to
consider the three-layer model as a potential optimal
solution for the LSTM. The comparison between the actual
data and prediction results for both the single-layer and
multi-layer LSTM models are displayed in Fig. 6.
All predicted results are in line with the observed TWC
records and have a good agreement with measured one. For
this reason, the prediction cannot be improved upon beyond
the three hidden layers. According to Table 5, the training
times for single-layer, double-layer, three-layer, and four-
layer models were 36.53 seconds, 71.38 seconds, 135.1
seconds, and 178.42 seconds, respectively. The amount of
time required increases in proportion to the depth of
obfuscation.

Table 5 Comparison of single-layer and multilayer LSTM
models

Model RMSE [mm] R>  CPU training

time [s]

Sinelo-l Mean 4.40 0.96 36.53
ingle-layer

LSTM Max 5.28 0.99 38.14

Min 243 0.89 34.71

Double-l Mean 3.41 0.97 71.38
ouble-layer

LSTM Max 4.38 0.99 85.29

Min 2.85 0.93 64.93

Three.] Mean 3.16 0.98 135.1
ree-layer

LSTM Max 3.72 0.99 156.39

Min 2.98 0.96 124.28

| Mean 4.15 0.96 178.42
Four-layer

LSTM Max 4.68 0.98 203.81

Min 3.47 0.95 132.96

6.4 Effect of dropout technique

Overfitting is a risky issue in ANNs due to the vast
number of input factors and the small amount of training
dataset. Thus overfitting should be avoided if a reliable
prediction is to be obtained. Prediction of TWC with ANNs
is more difficult because of the risk of overfitting. The
dropout method is an effective regularization technique for
addressing the overfitting issue. The main purpose of
dropout is to reduce the compatibility of neurons in
networks and to prevent them from being unnecessarily
dependent on certain neurons. For each training iteration,
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Fig. 6 Comparison of single-layer and multilayer LSTM models with actual TWC data.
the neurons are multiplied by a random variable with a ~
D pe = (B0 @®)

Bernoulli distribution and probability p. The attrition rate
agrees with (1-p). Fig. 7 shows the structural variation
between models by considering dropout and without it. The
following are the formulas:

Without dropout
Dy = wehy + bo (6)
With dropout
Pe = wehy + b = wo(1; © hy) + be (7

where P, denotes the model output before it is processed by
the active function at time t; h, denotes the hidden layer's
output vector as described in; The weight matrix and bias
that connect the hidden and output layers are represented by
w. and b., respectively. The output vector of the hidden
layer following dropout is represented by h,; 7, denotes a
Bernoulli distribution-based random vector. The final model
output is

where p; is the model output; f()represents the output
layer's activation function. The effect of the dropout
strategy on the overfitting problem has been investigated
using a three-layer LSTM model with and without dropouts.
Considering all other constant parameters, the dropout rate
is set at 0.5. The difference between the predictive models
with and without dropout is illustrated in Fig. 8. As
observed in the graph, the wave-like fluctuations occur with
the lack of dropout. This should be noted that the
fluctuation is a characteristic phenomenon of overfitting.
Occasionally, the predicted values differ from the measured
values. On the other hand, the LSTM model with dropout
has a good correlation with the measured data and the R?
and RMSE wvalues are 0.99 and 2.25, respectively.
Consequently, the dropout technique is an advantageous
tool for mitigating overfitting.
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6.5 Limitations and future studies

Prediction of TWC is a difficult task because of the
interconnected structure of influencing variables that are
accompany with uncertainty. A big database can make a
more accurate and powerful TWC predictor network. In
order that the developed model to be used for TWC
estimation in all kinds of tunneling projects, the determined
parameters should be adjusted according to the quantity and
complexity of the data.

7. Conclusions

The obtained results in this study led to the following
conclusions:
e The LSTM model is superior to other RNN networks in
identifying the statistical relationships between the
defined inputs and the target parameter which is TWC.

e The LSTM model's output

is sensitive to

its

hyperparameters, which must be tuned for specific
datasets.
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e The accuracy and precision of the developed model to
predict the TWC was evaluated by using statistical
indices such as R? and RMSE. The results
demonstrated a good agreement between predicted and
measured data, thus the developed network has a high
potential to estimate TWC with high accuracy.

¢ Based on the defined database for this study, the LSTM
model has better performance in the prediction of TWC
than the other ML techniques such as GPR, SVR, KNN,
and DT.

e Considering extra hidden layers in the structural
network prolongs the training period based on the
determined sub-dataset.

e The performance of developed network is affected by
changing the number of hidden layers. In this research,
three hidden layers were considered to obtain the
optimum performance of the model.

e By using the dropout technic, overfitting can be
avoided and accuracy can be improved.
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