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1-Introdoction

Occurrence of settlements associated with damaging adjacent structures is a dangerous phenomena due
to tunnel excavation in the urban area. It may cause some dangers to the neighbors. Artificial
intelligence as a new method applies to examine the relationship between different parameters and their
impact on the geotechnical hazards incidents probability and severity.

The amount of the settlement in EPB mechanized tunneling depends on several factors including 1)
geological conditions and groundwater level, 2) tunnel characteristics (depth and diameter) and 3)
drilling parameters (penetration rate, face pressure, back-fill grouting pressure, pitching angle of the
machine). Due to the complexity of the settlement process in mechanized tunneling and the impossibility
of using all of the useful parameters, the use of classical models such as regression and numerical
methods is not efficient and has many problems (Suwansawat and Einstein, 2006). Therefore, the using
of artificial intelligence models such as artificial neural networks and fuzzy methods frequently has been
used to predict maximum settlement (Kim et al., 2001; Suwansawat and Einstein, 2006; Ocak and Seker,
2013; Show Fang et al., 2014; Moeinossadat et al., 2016; Nadiri et al., 2018). Artificial neural networks
save time and decrease cost in modelling process. The analysis is based on artificial intelligence models
by extracting the relationships between the factors affecting the settlement, such as tunnel depth and
diameter, soil properties, and machine operation parameters. These models have been used to predict
ground surface settlement in a number of tunneling projects. (Inanlou and Ahanghari, 2010; Rezazadeh
Anbarani et al., 2013; Jafari et al., 2013; Santos and Celestino, 2008; Ocak and Seker, 2013; Dindarloo
and Siami Irdemoosa, 2015; Mohammadi et al., 2015; Camos et al., 2016; Bouayad and Emeriault,
2017). In this research, in addition to solving previous research problems, a model is proposed that its
results can be generalized to the other projects all over the world. The study area was selected as part of
the Tabriz metro line 1, between the Qunga and Gazran stations, which has suitable conditions in
viewpoints of geological characteristics and tunnel specification that is very common and similar to
other projects in this field. A fuzzy modeling method has been used to predict a maximum settlement in
the study area, and its results are compared with the results of artificial neural networks which is used in
previous studies. Also, considering the ability of each model, the combination of these models can take
advantage of the simultaneous benefits of both models (Nadiri et al., 2013, 2014, 2015, 2018). So in this
research, the Neuro-fuzzy model is used to combine individual artificial intelligence models to use the
benefits of both models simultaneously.

2- Research methods
In this paper, as per twin tunnelling excavation by using of EPB-TBM, the useful parameters on
settlement, including face support pressure, void fill grouting pressure, penetration rate, pitching angle,
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groundwater level, tunnel depth and soil characteristics (standard penetration test number, soil elastic
modulus, dry density, internal friction and cohesion) belonging to a part of the Tabriz metro line 1 twin
tunnels in a distance between Qunga and Gazran stations were selected in the studied area. Then, they
applied as input data for the artificial intelligence models to predict the maximum surface settlements a
target value. The models are trained to optimize artificial intelligence models for predicting maximum
surface settlement and then tested to evaluate the performance of the models. One of the most useful
types of artificial neural networks for solving engineering and geotechnical problems is the multi-
layered perceptron network (MLP). A neural network consists of processing elements called neurons or
nodes. MLP networks consist of an input layer, one or more hidden layers, and an output layer. The
neurons are linked to the next by the weights, and the biases are adjusting the values in the hidden layer
and output layer neurons. In this study the hyperbolic function and linear function were selected as
transfer function of hidden layer nodes and output layer nodes, respectively. Biases in artificial neural
networks obtained by optimization algorithms such as Levenberg Marquardt (LM).

In this research, Takagi Sugeno (TS-FL) fuzzy logic method has been adopted to maximum surface
settlement prediction. In this method, the membership functions are constant (zero) and linear. Input
classifications and output membership functions performed in a process called subtractive clustering.
The TS-FL clustering and fuzzy set are based on if and then. A general Gaussian function was used to
create membership functions for ten input data. Each input was divided into four classes and if and then
rules was generated by subtractive clustering method. In this clustering method, the number of rules is
equal to the number of clusters.

A combined artificial intelligence is composed of a set of artificial intelligence models that combine the
outputs of individual models with considering that each Al model has its unique advantages. Therefore,
combined artificial intelligence combines the benefits of all of these models and provides better results
than any single model (Nadiri et al., 2018).

In this research, Neuro-fuzzy model adopted to generate the modified supervised combined artificial
intelligence (SCAI) model by combining output of ANN, and TS-FL models. The determined settlement
using these two single models of artificial intelligence is the input of the SCAI model.

3-Results and discussion

In order to construct an artificial neural network model using a multi-layer perceptron network to predict
maximum settlement of ground surface, a number of 119 measured data from the study project, have
been used with considering of 10 parameters as inputs data and one parameter as a target data of
artificial intelligence model in MATLAB software. In the next step, 30 percent of the data is randomly
selected as testing, and 70 percent of them used for training the network. In the modeling performed to
achieve optimal network, Levenberg-Marquardt algorithm The result show that the optimal structure
was 10;2;1,0ne output layer with 10 neurons and a hidden layer with two neurons and output neurone
with one neuron and the RMSE value was 2.87 mm and R? equal to 0.81.

In the TS-FL model, the first step is the classification of the data, which determines the radius of the
clusters by minimizing the RMSE. Through systematic search in the model, the optimal clustering radius
was 0.6. This cluster radius creates 6 cluster of data and 6 fuzzy rules (if-then). In each rule, in order to
minimize the model error, the input and output parameters are controlled by the membership function.
The results show that the R? and RMSE are 0.99 and 0.01 in training and 0.72 and 3.36 mm in testing,
respectively.

In this research, in order to construct an SCAI model, a neuro-fuzzy (NF) model was used to combine
the results of the progressive and fuzzy networks of Takagi-Sagno. This method is a combination of
fuzzy method and artificial neural network, which uses the advantages of both methods in such a way
that artificial neural networks are applied to optimize the fuzzy model. In this study, the TS-FL model
was used with subtractive classification. For NF modeling to determining the optimum radius and
number of rules, the radius was considered between intervals of 0.1 to 1, and the RMSE value of the
mean of the training and testing stage was calculated. Therefore, based on the minimum RMSE, an
optimal radius of 0.5 and 4 rules and fuzzy sets were obtained. The optimal radius for estimating a
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combined model of 0.5 considered the settlement. Based on the obtained results as provided in Table 1,
in the combined model, the RMSE was equal to 0.52 and R? was equal to 0.98 and 0.97 at the training
and testing stage, respectively.

Table 1. Conventional and combined artificial intelligence results for the testing stage.

Artificial intelligence models R? RMSE
Artificial neural network 0.81 2.87
Fuzzy logic 0.72 3.36
Supervised combined model 0.97 0.78

4-Conclusion

Comparing of obtained results with actual measured data showed that despite the ability of both artificial
intelligence models on estimating the maximum settlement of ground surface in EPB mechanized
tunneling, it is still possible to precise the results by applying a combined artificial intelligence model.
Therefore, the output of two single models was applied as the input of the Neuro-fuzzy model, and the
obtained results (R? = 0.97 and RMSE = 0.78) indicate a decrease of at least 73% RMSE compared to
the individual models.
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Table. 1. Factors affecting the surface settlement in EPB tunneling.

Category

Factors

Tunnel geometry Tunnel depth (m)

Tunnel diameter (m)

Geological conditions Geology (soil or rock)

Elasticity module)

Geotechnical characteristics (soil grain size, compaction, cohesion, angle of friction,

Groundwater level (m)

TBM operation factors

Face support pressure (kPa)

Tail void grouting pressure (kPa)

Pitching angle (°)

Penetration rate (mm/min)
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Fig. 3. (a) Tunnel geometry and face pressure (b) Tail void grouting pressure (c) Pitching angle.
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1- Fuzzy logic (FL)
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Fig. 5. Fuzzy logic model used for prediction of maximum settlement in EPB tunneling.
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Table 2. Results of artificial neural network modeling with different algorithms.

Algorithm R.2 R2 RM.SE RMSE
(train) (test) (train) (test)

SCG 0.9 0.72 2.03 4,74
GDA 0.88 0.82 2.18 3.99
GDM 0.88 0.7 2.16 3.05
LM 0.82 0.81 2.74 2.87

1-Scaled conjugate gradient

2- Gradient descent with adaptive learning rate
3- Gradient descent with momentum

4- Levenberg - Marquardt
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Table 3. Conventional and combined artificial intelligence results for the testing stage.

Artificial intelligence models

Atrtificial neural network
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Supervised combined model
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