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Abstract. The construction scale of the shield tunnel underpass is expanding day by day. In order to study
the safety influence and deformation control of the shield tunnel underpass on the existing tunnel, the LSSVM
model is established. Based on the collected soil storage pressure, foam volume, simultaneous grouting
volume and other six shield construction parameters and corresponding sample data of the tunnel bottom
displacement, the horizontal displacement and settlement displacement of the existing tunnel bottom caused
by the approach construction are predicted. Taking a subway project as an example, the research results show
that the prediction model of shield tunneling under the existing tunnel bottom level and settlement
displacement has strong generalization ability and rapid and accurate prediction effect. This method can

provide reference for similar projects.

1 Introduction

With the widespread rise of my country's underground rail
transit system, there are more and more shield tunnel
construction projects. The greatest risk that may occur
during the shield construction of the tunnel is excessive
ground level and settlement displacement. Therefore, in
order to ensure the safety of subway tunnel construction
and operation, it is of great significance to adopt reliable
measures to predict horizontal displacement and
settlement displacement[1].

At present, a large number of domestic and foreign
documents study the influence of tunnel construction from
the perspective of surface settlement. There are three main
research methods: theoretical formula[2], numerical
simulation[3], and model test[4]. Theoretical formula
method such as Wang et al.[S]derived the differential
equation of adjacent pipeline deformation caused by
tunnel excavation based on the Winkler foundation model
to analyze the uplift or settlement deformation. Numerical
simulations such as Li et al.[6] used FLAC3D to establish
a three-dimensional numerical simulation model, and
analyzed the impact of the staged construction of the
foundation pit on the station and the existing subway
tunnel. Model tests such as Ma et al.[7] conducted a series
of three-dimensional centrifuge model tests to study the
effect of parallel double tunnels of different depths on
existing buried pipelines in dry sand. The above methods
all have a certain value for the study of the settlement of
the adjacent shield tunnel construction. However, the
theoretical formula method is usually only suitable for
specific situations and has poor accuracy. The numerical
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simulation accuracy is general but time-consuming and
labor-intensive, and the model test accuracy is high but the
instruments are expensive and time-consuming.

Chen et al.[8] predicted the maximum surface
settlement based on artificial neural network method.
However, the generalization performance of ANN in
prediction is poor[9]. Therefore, in view of the
shortcomings of the above methods, in order to control the
impact of the shield construction on the existing tunnels,
this paper proposes an intelligent algorithm framework
based on the LSSVM algorithm. A shield construction
parameter index system is established to make high-
precision nonlinear predictions of the horizontal
displacement and settlement displacement of the existing
tunnel bottom.

2 LSSVM

The least squares support vector machine (LSSVM)
improves the traditional SVM, and uses the least squares
linear system as the loss function to transform the
inequality constraints of the optimization problem in the
SVM into equation constraints[10]. Suppose the training
sample set (x;,¥;) , x; €R"™, y;e{-1,+1}, i=
1,2,---,N Where N represents the total number of
training samples, #n is the dimension of the sample space,
and y is the class label of the sample. According to the
principle of structural risk minimization, the optimal
classification surface of the classification problem of
LSSVM is obtained by the following optimization
problem[11]:
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Among them, @(-) is the nonlinear mapping, w is
the weight, &; is the error variable, and ¢ > 0 is the

penalty coefficient. Therefore, the Lagrange function
corresponding to the optimization problem of LSSVM is:
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Among them, the Lagrange multiplier a; > 0(i =
1,2,--,N). Optimize the above formula to make the
partial derivatives of w, b, a;, and §; equal to 0, and
then use the Mercer condition to get: (p(xj) =
yiy;K (xl-,xj), where K (xi,xj) is the core function. The
optimal regression function can be obtained by the least
square method as[12]:
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3 Prediction of bottom displacement of
existing tunnel based on LSSVM

3.1 Data acquisition and preprocessing

By consulting a large number of related documents and
according to the actual engineering situation, the factors
that are more sensitive to the deformation of the existing
tunnel are selected as the input parameters of the tunnel
bottom displacement prediction. The horizontal
displacement of the arch bottom and the settlement
displacement of the arch bottom are used as prediction
output parameters.

In order to prevent the sample from being
overwhelmed or not converging because the data is too
large or too small, the sample data needs to be
preprocessed. In this paper, the input variables and output
are normalized to the interval [-1,1], so that each
parameter can be effective in the prediction process.

3.2 Kernel function parameter optimization

The kernel function has a great influence on the prediction
accuracy of GA-LSSVM. The research should select the
appropriate  kernel  function according to the
characteristics of the experimental object. The Gaussian
kernel function has the advantages of the radial basis
kernel function while maintaining good anti-interference
ability. Therefore, this paper will use the Gaussian kernel
function as the kernel function of the prediction model for
research, and the expression is as in formula (4).

K = exp =
a 252

Among them, x; is the input variable, and x is the

output variable.

After determining the kernel function, in order to
ensure the generalization level of LSSVM, this paper will
use K-fold cross-validation, which can avoid the under-
learning or over-learning state of the LSSVM model.

3.3 Evaluation of prediction results

In order to verify the prediction accuracy of the LSSVM
model, the goodness of fit R? is introduced to test. The
goodness of fit R? represents the fitting effect between the
predicted value and the true value. The closer the goodness
of fit is to 1, the higher the prediction effect.

A~ \2
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Where n is the number of samples in the test set;
y;(i=1,2,..n) is the true value of the i-th sample;

y(i=1 2,...n) is the predicted value of the i-th sample.

4 Case study

4.1 Background

This research is based on a subway line 4 under the
subway line 2. Line 2 and Line 4 are upper and lower
crossing tunnels, and the angle of the plane projection is
approximately 90°. The diameter of the shield machine is
D=6.2m, the length is 7.5m, and the outer diameter of the
existing tunnel is also 6.2m. The soil layer of the existing
tunnel is soft clay, and the Poisson's ratio is 0.28. The
elastic modulus of the soil is 24.5Mpa, the thickness of the
lining structure is 0.3m, the buried depth of the tunnel is
18m, and the concrete of the lining structure is C50.

The spatial position relationship between the shield
and the existing tunnel is: the buried depth of the upper
tunnel vault is 8.2m, and the buried depth of the lower
tunnel vault is 14.4m. The clear distance between the
upper and lower tunnels is 3.1m, and the length of the two
tunnels is 6.2m in diameter. The problem to be solved is
to study the influence of the optimization of shield
construction parameters on the deformation of the
adjacent existing tunnel for the construction of the shield
tunnel at a close distance.

4.2 Data acquisition and preprocessing

A large number of documents have shown that the factors
that are more sensitive to the deformation of existing
tunnels include cutter head torque, jacking force, foam
volume, grouting volume, driving speed and earth
pressure of chamber[13].

Increasing the torque of the cutter head will increase
the disturbance range of the surrounding soil.

As the jacking force increases, the force of the shield
machine on the soil will increase.

Foam is usually used to improve the properties of the
soil in order to reduce the torque of the cutter head of the
shield machine and reduce the disturbance to the ground.
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With the continuous increase of the grouting volume,
the maximum ground settlement will continue to decrease.

The change of the soil stress field is related to the
change of the driving speed. The large change of the
driving speed can easily cause the change of the soil stress
field.

After the earth pressure of chamber changes, the
deformation of the soil around the shield tunnel will
change due to the interaction, which will cause the ground
settlement.

Therefore, this paper will take the above six
parameters as input parameters, and use the horizontal
displacement of the existing tunnel bottom and the
settlement displacement of the arch bottom as the
predicted output parameters. The selected LSSVM
training sample data is shown in Table 1, and the value
range of each input parameter in the training sample is
shown in Table 1.

Table 1. Monitored sample data.

Data

Variables

Min Max Ave
Cutter head torque (kPa) 1927 3264 2291
Jacking force (kN) 15049 26667 21711
Foam volume (m?) 10.1 142 12.1
Grouting volume (m?) 14.0 18.9 17.1
Driving speed (mm/min) 17 34 24
Earth pressure of chamber 243 33 291
(kPa)
Horizontal displacement of

0.4 1.1 0.78
arch bottom(mm)
Settlement displacement of

1.8 2.9 2.26

arch bottom(mm)

4.3 Kernel function parameter optimization

StandardScale is used to standardize the training samples,
and GA algorithm is used to optimize the model
parameters c, g, and p of LSSVM. The search range of the
penalty coefficient ¢ in the LSSVM model parameters is
set to [0,100], the search range of the kernel function width
parameter g is [0,1000], and the search range of p is
[0.01,1]. The 5-fold cross-validation method was selected
to model the kernel function width parameter g and the
penalty coefficient ¢ obtained by GA optimization, and the
optimal parameters of the LSSVM prediction model of the
arch bottom horizontal displacement and settlement
displacement were obtained. The optimization results of
the prediction parameters of the arch bottom horizontal
displacement and the arch bottom settlement displacement
are shown in Fig. 1 and Fig. 2 respectively.

It can be seen from Fig. 1 that the penalty coefficient
best c=17.4949, the kernel function parameter best
2=915.08, p=0.43452, and the minimum root mean square
error is mse=0.083303.

Similarly, it can be seen from Fig. 2 that the penalty
coefficient best c=31.1065, the kernel function parameters
best g=0.13542, p=0.4438, and the minimum mean square
error value is mse=0.07707.

Fitness curve MSE[GAmethod]
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Fig. 1. Horizontal displacement of arch bottom model
parameters
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Fig. 2. Settlement displacement of arch bottom model
parameters

4.4 Forecast result analysis

Based on the optimization results of the LSSVM kernel
function parameters, the training set is used for learning
simulation. The LSSVM arch bottom horizontal
displacement and arch bottom settlement displacement
prediction models are established respectively. According
to the above steps, the prediction result of the arch bottom
horizontal displacement is shown in Fig. 3, and the
prediction result of the arch bottom settlement
displacement is shown in Fig. 4.

It can be found from Fig. 3 that the LSSVM model can
predict the changes in the horizontal displacement of the
arch base well. Based on the LSSVM model, the predicted
goodness of fit for the arch bottom horizontal
displacement is 0.9987. It can be seen that the model fits
well, and the error between the predicted value and the
actual value is very small.

It can be found from Fig. 4 that the LSSVM model can
make a good prediction of the change of the arch bottom
settlement displacement. Based on the LSSVM model, the
predicted goodness of fit for the arch bottom settlement
displacement is 0.9964. It can also be seen that the model
fits well, and the predicted value of the sample is very
close to the experimental value..
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for the displacement of the existing tunnel bottom is
proposed. The goodness of fit for the prediction of the
horizontal displacement at the bottom of the tunnel is
0.9987. The goodness of fit for the prediction of the
horizontal displacement at the bottom of the tunnel is
0.9964. The high accuracy of the model and good
prediction effect reflect the feasibility of this method..
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