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Abstract 

Predicting surface settlement can identify potential risks associated in shield construction. However, in the construction of under-
crossing existing structures, the surface settlement is minimal due to the high stiffness of the existing structure, making it unsuitable 
as a basis for risk assessment. Therefore, interlayer soil settlement was used as an evaluation index in this paper, which was predicted 
by the developed multi-parameter time series (MPTS) model. This model establishes new dataset, including time, effective stress ratio 
(ESR), mechanical fluctuation coefficient (MFC), and interlayer soil settlement, where ESR and MFC take into account the changing 
geological conditions. This study proposes a novel MPTS model, integrating grid search (GS), nonlinear particle swarm optimization 
(NPSO), and support vector regression (SVR) algorithms to predict interlayer soil settlement during under-crossing construction. It uti-
lizes GS and NPSO to obtain the optimal hyperparameters for SVR. Sensitivity analysis based on MPTS model was used to identify
important parameters and propose specific improvement measures. A real under-crossing tunnel project was adopted to verify the effec-
tiveness of the MPTS. The results show that the new input parameters proposed in this paper reduce mean absolute error (MAE) by
20.3% and mean square error (MSE) by 46.7% of prediction results. Compared with the other three algorithms, GS-NPSO-SVR has
better prediction performance. Through Sobol sensitivity analysis, previous settlement, ESR and MFC in fully weathered mudstone
and moderately weathered mudstone are identified as the primary parameters affecting the interlayer soil settlement. The improvement
measures based on analysis results reduce the accumulated settlement by 79.97%. The developed MPTS model can accurately predict the
interlayer soil settlement and provide guidance for water stopping or reinforcement construction.

Keywords: Interlayer soil settlement; Under-crossing construction; Multi-parameter time series model; Sensitivity analysis
1 Introduction 

As surface traffic congestion increases, the development 
of underground space has become a crucial solution to alle-
viate urban traffic pressures (Wu et al., 2023; Xue et al.,
2015). Shield tunneling, with its advantages of rapid con-
struction and minimal disruption to surface traffic, has
been widely applied in underground tunnel projects
⁎ Corresponding author. 
E-mail address: weihb@jlu.edu.cn (H. Wei). 

Peer review under the responsibility of Tongji University

https://doi.org/10.1016/j.undsp.2025.04.009 

2467-9674/© 2025 Tongji University. Publishing Services by Elsevier B.V. on 

This is an open access article under the CC BY-NC-ND license (http://creativec
(Maeda & Kushiyama, 2005; Ran et al., 2014). However, 
under-crossing construction induces soil settlement, driven 
by the interaction between structural loads and soil layers. 
Soil settlement caused by this construction technique can 
damage nearby roads and infrastructure. For example, 
during the construction of Foshan Rail Transit Line 2 in 
2018, significant settlement caused road collapse, resulting 
in direct economic losses of 50 million yuan. Similarly, 
during the construction of Guangzhou Metro Line 13 in 
2022, notable soil settlement led to extensive cracks in the 
building walls, seriously threatening the safety of the
building. In order to reduce the damage or risk for shield
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construction, it is crucial to accurately predict the develop-
ment regularity of settlement through mathematical tools.

Over the past century, numerous approaches have been 
developed for predicting soil settlement induced by shield 
tunneling, including theoretical , experimental, and numer-
ical methods. Theoretical method was first proposed by
Peck (1969), and then improved by some scholars (Mair 
et al., 1996; Vorster et al., 2005). While theoretical methods 
provide computational convenience, they require multiple 
assumptions, which can lead to considerable differences 
between the calculated results and the actual settlement.
Although experimental methods provide high prediction
accuracy (Huang et al., 2021; Zhao et al., 2023), their appli-
cability is limited to areas with similar geological condi-
tions. Numerical method s can simulate complex
construction processes (Do et al., 2021; Jall ow et al.,
2019). However, the results obtained are based on specific 
physical assumptions and rigid boundary conditions. 
Therefore, the predictive performance of previous three 
methods relies heavily on the rationality of the assumptions 
and accurat e acquisition of the geological parameters. The
interaction between shield tunnel and soil is complex, lead-
ing to poor usability of these methods.

In recent years, machine learning (ML) is wid ely used in
many fields (Ashrafian et al., 2023; Bar khordari et al.,
2023; Cavaleri et al., 2016; Ghanizadeh et al., 2023). ML 
has been applied to predict settlement induced by shield 
construction due to its powerful data analysis capabilities
and multi-factor nonlinear coupling ability. Shen et al.,
(2023) employed time series clustering algorithms to ana-
lyze long-term longitudinal settlement during shield tunnel 
operation, uncovering settlement patterns across different 
periods and offering a fresh perspective on the temporal
variation of settlement. Wen et al. (2023) utilized convolu-
tional neural networks to forecast surface settlement 
caused by shield tunnels, highlighting the pot ential of deep
learning for processing complex spatial data. Kovacevic 
et al. (2021) successfully predicted long-term vertical settle-
ment in soft rock masses by integrating machine learning 
with theoretical derivation, demonstrating that hybrid 
models can leverage the strengths of both approaches to
enhance prediction accuracy. Samaniego et al. (2020) pro-
posed an energy based thermodynamically and variation-
ally consistent ML approach. This approach integrates 
modeling and simulation, experimental data and uncertain-
ties within a single framework, offering a novel perspective 
on applying machine learning to solve engineering prob-
lems. In summary, various machine learning methods have 
been developed to address settlement prediction problems. 
However, despite significant technical advancements, most 
studies rely on data from monitored surface structures,
which may not be suitable for evaluating the impact of
shield tunneling under-crossing existing structures. The
reason is that existing structures typically exhibit high stiff-
ness, meaning that even if significant soil deformation
occurs, there is only minimal settlement observed in the
existing structure. This limitation restricts our understand-
ing of the true impact of shield tunnel construction and can 
lead to prediction biases. In addition, time series datasets
typically include only two parameters: time and settlement
(Huang et al., 2024; Yang & Jiang, 2022; Zhai, 2022; 
Z. Zhang et al., 2022), neglecting the effects of changing 
geological conditions, which leads to unsatisfactory predic-
tion results. Therefore, future research should place greater 
emphasis on dataset construction, ensuring that they
encompass a broader range of variables to enhance model
interpretability and reliability.

In addition to establishing a reasonable dataset, hyper-
parameters are also important factors affecting the predic-
tion accuracy of ML models. Many optimization methods
have been developed to select hyperparameters for ML,
such as least squares method (Shim & Hwang, 2010), grid 
search (Ngoc et al., 2021), and particle swarm optimization
(Wang et al., 2023). However, each method has its limita-
tions. Least squares method is sensitive to outliers in the 
data and has poor generalization capabilities. Grid search 
is not suitable for multi-parameter optimization due to its 
high computational cost. Particle swarm optim ization con-
verges slowly and is prone to getting stuck in local optima.
To overcome these problems, researchers are exploring
more efficient optimization strategies, such as Bayesian
optimization (Hebbal et al., 2023), group optimizat ion
(Wong et al., 2023), and improved firefly algorithm (Bui 
et al., 2018), aiming to find a method that can guarantee 
computational effici ency and provide good generalization
performance.

The paper is prepared as follows. The methodology is
presented in Section 3, which consists of model principles, 
new dataset, and support vector regression combining grid 
search and nonlinear particle swarm optimization (GS-
NPSO-SVR) fusion algorithm. The developed model is per-
formed on a shield under-crossing project in Section 4. 
Three aspects are discussed: data acquisition and process-
ing, model building and performance comparison, a nd
model application. The conclusions are drawn in the final
section.

2 Research significance 

Based on the above discussion, there are three key issues 
in using ML to predict settlement caused by shield con-
struction. Firstly, traditional predictions rely on surface 
settlement as a metric, which is inadequate for assessing 
the construction risk of shield tunneling under-crossing 
the existing structure. Secondly, conventional time-series 
settlement predictions use datasets that only include time 
and settlement data, neglecting changes in soil stress state 
and mechanical properties, which can significantly affect 
prediction accuracy. Finally, traditional SVR models select 
optimal hyperparameters through trial and error, leading 
to inefficiencies and lower precision. To address these
issues, this study carried out the following innovations:
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Interlayer soil is located between shield tunnel and 
existing structure, which exh ibits the most direct
and obvious changes (He et al., 2023; Zhang et al.,
2021). In this study, interlayer soil settlement is used 
as a predictor instead of surface settlement, which 
improves the accuracy and reliability in assessing
the construction risk of shield tunnel under-crossing
the existing structure.

(1) 

(2) Two new parameters have been developed: effective 
stress ratio (ESR) and mechanical fluctuation coeffi-
cient (MFC). These parameters account for the 
impac t of soil stress conditions and mechanical
behavior on settlement, thereby improving prediction
accuracy.

(3) A novel GS-NPSO-SVR fusion algorithm combining 
grid search (GS) with nonlinear particle swarm opti-
mization (NPSO) has been introduced to automati-
cally identify the best SVR hyperparameters. This
approach increases computational efficiency and
precision.

In addition, this paper also introduced the method to 
reduce the interlayer soil settlement based on multi-
parameter time series (MPTS) model.
Fig. 1. Model principl
3 Methodology 

3.1 Model princi ples

Figure 1 shows the principle and application of the 
MPTS model. The proposed methodology in this paper 
consists of two main components: MPTS model building 
and model application. During the model building stage, 
a monitoring section is selected where vertical soil pressure 
(VTP) boxes, pore water pressure (PWP) gauges, horizon-
tal soil pressure (HTP) boxes, moisture content sensors, 
and settlement meters are installed. After the shield 
machine passes through this section, sensor data collection 
begins. The ESR can be obtained by VTP, PWP and HTP, 
the MFC can be obtained by moisture content, and the 
interlayer soil settlement can be obtained by settlement 
meters. A new dataset is developed, including time, ESR, 
MFC, and interlayer soil settlement. Here, ESR accounts 
for changes in soil stress state, while MFC reflects varia-
tions in soil mechanical properties. A novel GS-NPSO-
SVR fusion algorithm is developed to train the dataset,
which uses GS and NPSO to find the optimal hyperparam-
eters for SVR, thereby improving computational efficiency
e and application.
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and accuracy. During the model application stage, the 
trained MPTS model is used to predict interlayer soil settle-
ment. If the accumulated settlement or the settlement rate 
exceeds the limiting threshold, the model automatically 
triggers an alert. Sensitivity analysis based on the MPTS 
model identifies parameters that have a significant correla-
tion with interlayer soil settlement. When the influence 
coefficient of ESR is high, priority is given to reinforcement
measures. For a high influence coefficient of MFC, water
control measures are prioritized. Based on the sensitivity
analysis results, soil layers with higher impact coefficients
are selected for improvement.

3.2 New datas et

A complete and comprehensive dataset is the prereq ui-
site for accurate prediction (Sarir et al., 2021;  J  . Zhou 
et al., 2020). Traditional time-series datasets consist of only 
time and settlement. Predictions based solely on these two 
parameters are highly uncertain, often leading to signifi-
cant discrepancies between predicted and actual outcomes. 
Moreover, models built using just these parameters lack 
interpretability, making it difficult to identify the underly-
ing causes of settlement development. From a mechanics 
perspective, the primary factors influencing soil settlement 
are the stress state and mechanical properties of the soil. 
For interlayer soils, the complex interactions between the 
shield machine and the surrounding soil lead to intricate 
changes in the stress state. Vertically, the soil is subjected 
to gravity from overlying structures and additional stresses 
induced by the shield machine’s compression. Horizontally, 
lateral pressures from the surrounding soil act on it. The
vertical force represents the maximum principal stress,
which tends to disrupt soil structure, while the horizontal
force, being the minimum principal stress, tends to preserve
the soil structure. These forces are borne jointly by soil par-
ticles and pore water. The force carried by the soil particles
is referred to as effective stress. The ratio of the maximum
effective principal stress to the minimum effective principal
stress is defined as the ESR. Numerous studies have
demonstrated that ESR is a critical parameter influencing
soil deformation (Chen et al., 2020; Da Silva et al., 2021;
Riaz et al., 2021). Therefore, this study selects ESR as a 
model parameter to reflect the stress state of the soil.

In this study, ESR is obtained based on sensors. Soil 
pressure cells can measure the vertical and horizontal total 
pressures, while pore water pressure sensors can measure 
the pore water pressure. The effective stress acting on the
soil is equal to the total pressure minus the pore water pres-
sure, as shown in Eq. (1): 

rV rVTP rPWP 

rH rHT P rPWP

1

where is the vertical effective stress, is the horizontal 
effective stress, TP is the vertical total stress, TP is the 
horizontal total stress, and WP is the pore water pressure.
Therefore, ESR can be expressed as follows:
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Regarding the mechanical properties of soil, these are 
typically closely linked to the pore structure and moisture 
content. For interlayer soils, the pore structure remains lar-
gely unchanged after the passage of the shield machine. 
Therefore, this study focuses exclusively on the influence 
of moisture content on the mechanical properties of the
soil. The mechanical behavior of soil encompasses both
elastic and plastic behaviors. Elastic behavior is related to
the elastic modulus (C. Zhang et al., 2022;  Z  . Zhou et al.,
2020), while plastic behavior is associ ated with shear
strength (Sharma & Bora, 2003; Spa gnoli & Feinendegen,
2017). Moisture content is a crucial factor affecting these 
two parameters and can be monitored using sensors. Lu 
and Kaya (2014) proposed a power-law model to describe 
the elastic modulus and shear strength at different moisture
contents, as shown in Eqs. (3) and (4): 

E Ed Ew Ed 
h hd 

hw hd

m
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where E is the elastic modulus, is the moisture content, 
subscript d is dry state, w is wet state, and m is empirical
fitting parameter, for clays and their weathered rocks
m = 0.56 (Lu & Kaya, 2014). 

h 

Similarly, the shear modulus can be expressed as

G Gd Gw Gd 
h hd 

hw hd

m

4

where G is the shear modulus. A dry state can be set at 
practically the driest environment of interest, and a wet 
state can be set at near saturated or saturated conditions.
It can be seen from Eqs. (3) and (4) that the elastic modulus 
and shear strength are mainly affected by the power func-
tion hd 

hw hd 

m 
, so it is defined as the MFC, which describes

the change of mechanical properties.

h 

3.3 GS-NPSO-SVR fusion algorithm

3.3.1 SVR 
Vapnik (1964) proposed the method of support vector 

machine (SVM) in 1964 for linear data classification. In
1992, Boser et al. (1992) utilized kernel functions to 
develop a nonlinear SVM. SVR extends SVM from classi-
fication problems to regres sion problems by constructing
classification hyperplanes or approximation function:

f x wT / x b 5

where x is the objective function, x1 x2 xn is 
the input data, T is a linear weigh t vecto / x is the
mapping function, and s the intercept.

f x 

w r, 
b i 

ni ni ,By introducing slack variables and the problem of 
solving for the optimal value can be transformed into the 
following form of a convex quadratic optimization
problem:
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where s the average of
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1 
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Among them: 

yi wT/ xi b e ni 
wT / xi b yi e ni 
ni 0 ni 0

7

where s the penalty factor, which reflects the punishment 
degree to the samples whose training error is greater than b. 
e is the loss function parameter, which represents the error
degree of the regression function.

C i 

By introducing the Lagrange factor and taking the par-
tial derivative of the parameter, the following dual form
can be obtained:

minR a a 1 
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where is the new function formed after introducing 
Lagrange factors, an are the Lagrange facto i 
and re the sample numbers, and K the kernel function.

R 
a d a rs, 

j a is 
According to Karush–Kuhn–Tucker conditions, the 

value of an be obtained as follows:b c 

b yi 
n 
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The final prediction model is as follows:

f  x  
n 
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In this study, SVR was chosen as the machine learning

model for several key reasons:

(1) Nonlinear relationships. There exists a clear nonlin-
ear relationship between the input parameters (time, 
ESR, MFC) and the output parameter (interlayer soil 
settlement). SVR excels in capturing such co mplex
nonlinear relationships through the use of appropri-
ate kernel functions, making it an ideal choice for
our predictive modeling.

(2) Noise handling. The ESR and MFC values are 
obtained indirectly via sensor monitoring, which 
introduces potential instrument and reading errors, 
thereby adding noise to the dataset. SVR employs 
an insensitive loss function that effectively manages
this noise, ensuring that the presence of noise does
not unduly influence the performance or accuracy
of the model.

(3) Suitability for small to medium datasets. The dataset 
for predicting interlayer soil settlement consists of 
several hundred to a few thousand samples, classify-
ing it as a small to medium-sized dataset. SVR’s rel-
atively high training complexity makes it especially 
well-suited for such datasets, where it can provide 
robust predictions without requiring extensive com-
putational resources.

Therefore, SVR was chosen to guarantee the reliability 
and accuracy of the prediction model. To develop an 
SVR model with robust predictive performance, it is essen-
tial to identify optimal hyperparameters. While PSO offers 
high efficiency in hyperparameter optimization, its effec-
tiveness relies heavily on initial parameter selection and 
may prematurely converge to local optima. Therefore,
GS was used to set the initial parameters for PSO. In addi-
tion, the parameters of PSO are changed nonlinearly to
ensure a strong global search ability in the early iteration
and a strong local convergence ability in the late iteration.

3.3.2 GS 
Grid search is a method used to find hyperparameters 

for machine learning models that combines cross-
validation and exhaustive search, as shown in Fig. 2. First, 
define a grid of parameter values that will be explored. 
Then, specify a set of values for each hyperparameter to 
be tuned, and use cross-validation to evaluate the model 
performance for every possible combination of these val-
ues. Finally, an exhaustive search within the specified range
ensures that the best combination of hyperparameters
within the predefined space is found.

3.3.3 NPSO 
Particle swarm optimization (PSO) is an optimization 

technique used to find the best solut ion within a multidi-
mensional search space. PSO was developed by Kennedy 
and Eberhart in 1995 (Kennedy & Eberhart, 1995), 
inspired by the social behavior of bird flocking. In PSO, 
each potential solution is treated as a particle. These parti-
cles fly through the search space, adjusting their positions 
based on personal best position (pbest) and global best 
position (gbest). Each particle has a velocity vector that 
guides its movement. The update rules for the particles’
velocities and positions are influenced by both pbest and
gbest, along with random factors that encourage explo-
ration of the search space. The equation for updating posi-
tion and velocity is as follows:

V t 1 xV t c1r1 pbest vt c2r2 g best vt 11

vt 1 vt V t 1 12

where is the inertia weight, which is used to reflect the 
ability to inherit the speed from the previous momen 
is the number of particle swarm iterations, V the particle 
swarm velocity, s the particle swarm position, p is the
individual extreme, st is the group extremum is the
self-learning factor, is the group learning factor; and

are [0,1] random numbers.

x 
t. t 

is 
v i best 

gbe , c 1
c2 r1 

r2 
PSO balances global search and local search by adjust-

ing inertia weight and acceleration factors. An appropriate 
parameter combination can help the algorithm converge to



340 B. Jiang et al. / Underground Space 24 (2025) 335–351

Fig. 2. GSM optimizatio n process.
the global optimal solution more efficiently, while avoiding 
falling into the local optimal. In general, it is desired that 
the PSO has a strong search capability in the early iteration 
and a strong convergence capability in the late iteration. To 
this end, this paper proposes a nonlinear strategy which
makes and arge in the early stage and small in the late
stage, and small in the early stage and large in the late
stage. The specific improvement formula is as follows:

x c1 l 
c2 

x k tan kp 1 t m 13

c1 c1max  c1max c1min t m 0 2 14

c2 c2min  c2max c2min t m 2 15

where s the nonlinear coefficient, the number of cur-
rent iterations, is the maximum number of iterations, 

max and min represent the maximum and minimum val-
ues of ax and min represent the maximum and min-
imum values of

k i t is 
m 

c1 c1 
c1, c2m c2  

c2. 

3.3.4 Proposed fusion algorithm
This paper proposes a fusion algorithm, and its de velop-

ment flowchart is shown in Fig. 3. The GS-NPSO-SVR 
fusion algorithm uses GS and NPSO to find the optimal 
hyperparameters for SVR. Traditional PSO randomly ini-
tializes the positions and velocities of the particle swarm. 
However, this algorithm first uses GS to determine a pre-
liminary range of optimal hyperparameters. Then, the pre-
liminary optimization results are utilized to initialize the 
particle swarm’s positions and velocities. Durin g the itera-
tions, the inertia weight and acceleration factors are
updated nonlinearly. These improvements enhance the
algorithm’s prediction accuracy, computational efficiency,
and stability, while also preventing the model from con-
verging to local optima.

The predictive performance of SVR is primarily influ-
enced by two hyperparameters: the penalty coefficien C 
and the kernel parameter To identify optimal and 
the GS-N PSO hybrid method employs a two-stage process.
First, a hyperparameter space is defined to generate all

t 
Cc. c, 
to find an optimal balance.

tolerances.

possible combinations. Each combination is evaluated 
using K-fold cross-validation, and the initial optimal 
parameter range is identified based on performance met-
rics. The initial best range is then used to configure particle 
swarm positions and velocities. Each particle’s fitness is 
evaluated via an objective function. Individual and global
best values are recorded, and termination criteria are
checked. If unmet, particle velocities and positions are non-
linearly updated using Eqs. (13)–(15). The updated parti-
cles undergo renewed fitness evaluations, followed by 
iterative updates to individual and global best values until 
termination criteria are satisfied. This iterative process con-
verges to an optimal hyperparameter combination. An 
appropriate prevent s overfitting or underfitting, while a
suitable captures both local and global data patterns.
Therefore, the prediction performance of SVR is improved
by the above method.

C 
c 

To prevent overfitting or underfitting of the model, 
attention should be paid to the following points:

(1) Selecting an appropriate regularization parameter. 
Choosing the right regularization parameter is critical 
for balancing model complexity. A higher value can 
lead to overfitting by making the model too sensitive 
to the training data, while a lower value can result in
underfitting by producing a model that is too general-
ized. Cross-validation techniques should be employed

(2) Choosing an appropriate epsilon parameter: The 
epsilon parameter plays a key role in determining 
how tolerant the model is to prediction errors. Too 
small an epsilon can cause the model to overfit by 
focusing excessively on minor variations in the train-
ing data. Conversely, too large an epsilon can lead to 
underfitting by ignoring important details. Utilizing 
grid search or visualization tools can help identify 
the most suitable epsilon value by observing how well
the model generalizes across different error
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Fig. 3. Flowchart of GS-NPSO-SVR fusion algorithm.
Constructing a reasonable dataset. Ensuring a robust 
dataset is essential for training a reliable model. A 
larger dataset allows the model to capture true under-
lying patterns rather than random noise, reducing the 
risk of overfitting. Addit ionally, normalizing all input
data ensures that features with different scales do not
disproportionately influence the model’s predictions,
helping to prevent underfitting.

(3) 
3.4 Evaluation indi cators

Five evaluation metrics are used to evaluate the predic-
tive performance of the algorithms, including coefficient of 
determination (R2 ), mean absolute error (MAE), mean 
square error (MSE), mean absolute percentage error 
(MAPE), and Theil’s inequality coefficient (TIC). R2 is a 
metric used to evaluate the goodness of fit, with values clo-
ser to one indicating better performance. The other four
metrics describe prediction errors from different perspec-
tives, with smaller values indicating better performance.
The formulas for these metrics are as follows:

R2 n n 
i 1yiyi 

n 
i 1yi 

n 
i 1yi 

2 

n n 
i 1yi 

2 n 
i 1yi 

2 
n n 
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2 
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n 
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2

16
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1 
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1 
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n 
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2 1 
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n

i 1
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2
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where s the number of samples in the data, y s the pre-
dicted value, and s the true value.

n i i i 
yi i 

4 Case study 

4.1 Project overvi ew

In this study, the MPTS model was used to predict the 
interlayer soil settlement in an under-crossing existing tun-
nel project. The project is located from Feiyue Square Sta-
tion to Eurasia Shopping Mall Station in Changchun 
Metro Line 6. It uses earth pressure balance shield 
machine. The test section is located at mileage 17 315. 
The existing tunnel is 10 m high and 28.4 m wide, which 
is under-crossed by a shield tunnel. The shield tunnel is 
composed of segments with an outer diameter of 6.2 m 
and an inner diameter of 5.5 m. The interlayer soil settle-
ment is located between the existing tunnel and the shield
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tunnel, which consists of silty clay (SC), fully weathered 
mudstone (FWM) and moderately weathered mudstone 
(MWM) . The physical parameters of these soils are shown
in Table 1. It has been shown that the soil on the sh ield axis
exhibits the most obvious changes (Deng, 2011; Feng et al.,
2022), so it is used as the prediction target. To obtain set-
tlement data, the settlement meter was buried in the inter-
layer soil through a borehole. To determine ESR and 
MFC, mois ture content sensors, vertical and horizontal
soil pressure cells, and pore water pressure gauges were
embedded in each soil, as shown in Fig. 4. After the instal-
lation, the original soil was backfilled and compacted.

In this paper, moisture content sensors were produced 
by Beijing Spark Chuangyi Electronic Technology Co., 
Ltd., with a range of 0–100% and a measurement accuracy 
of 2%. The working temperature is −30 to 70 °C, and the 
response time is 1 s. The soil pressure cells and pore water 
pressure gauges were produced by Changsha Xianghao 
Electronic Technology Co., Ltd., with a range of
0.6 MPa and a measurement accuracy of 0.001 MPa. The
working temperature is −20 to 70 °C, and the response time
is 3 s. They can accurately collect moisture content and
stress states of interlayer soil.
Table 1 
Physical properties.

Name Water content xw (%) Natural unit 
Weight cs (kN/m3)

Void 
ratio e

SC 19.9 19.0 0.79
FWM 18.3 19.4 0.72
MWM 15.7 19.9 0.62

Fig. 4. Geological cond
4.2 Data acquisition and processing

The interlayer soil on the test section was monitored 
once a day for 103 days. The first 82 days were used as 
the trai ning set, and the last 21 days as the testing set.
The monitoring results of these sensors are shown in
Fig. 5. According to Eqs. (2)–(4), the ESR and MFC were 
calculated based on the monitoring data.

When addressing missing data, the first step involves 
categorizing the missingness type as either random or 
non-random. If non-random missingness is identified, 
potential equipment or sensor malfunctions should be 
investigated, with damaged components requiring replace-
ment. For random missingness, short-term gaps can be 
filled using linear interpolation, while long-term gaps 
require prediction through machine learning models. In 
addition, the plausibility of filled values should be verified 
through cross-validation or physical constraint checks. In
handling outliers, a sliding window approach is first
applied to detect anomalies by calculating the window-
specific mean and standard deviation, marking values
exceeding 3r standard deviations as outliers, where
is the sample mean and r the standard deviation. Isolated

l l 
is
Liquid limit WL (%) Plastic limit 
W P (%)

Poisson’s ratio k

28.5 16.5 0.30 
28.8 18.1 0.28 
27.5 17.0 0.28 

itions and sensors.



B. Jiang et al. / Underground Space 24 (2025) 335–351 343

Fig. 5. Sensor monitoring results. (a) Moisture content monitoring results, (b) VTP monitoring results, (c) HTP monitoring results, and (d) PWP
monitoring results.

 

outliers can be replaced with the mean of adjacent data 
points, whereas consecutive anomalies require prediction 
and substitution using machine learning models. The cor-
rected outliers also need to be verified for rationality.

To improve the performance of the model, the whole 
dataset should be normalized to make the value of each 
parame ter map into the interval [−1,1]. The specific calcu-
lation equation is presented:

x 2 
x xmin 

xmax x min

1 21

where s the normalized data, x the initial sample data, 
n is the minimum value of the corresponding parameter,

x i is 
xmi 
Table 2 
Original data.

Time (d) ESR

SC FWM MWM

1 0.204 0.766 0.350
2 0.277 0.837 0.496
3 0.329 0.933 0.656
4 0.348 0.996 0.773
5 0.317 0.947 0.809

99 −0.822 −0.879 −0.390
100 −0.858 −0.794 −0.489
101 −0.851 −0.878 −0.551
102 −0.950 −0.835 −0.448
103 −0.907 −0.836 −0.439
t

and ax is the maximum value of the corresponding 
parameter. A porti on of the processed data is shown in
Table 2. 

xm 

Another key parameter to be determined is the time 
step. Time step indicates how many previous days of data 
should be used for predicting, which is closely related to the 
accuracy of the results. In this study, the prediction perfor-
mance of the model wa s tested when the time step n = 1, 2,
3, 4, 5, as shown in Fig. 6. It can be seen that the model’s 
prediction performance is poor when n =  1,  2,  bu
improves when n = 3, 4, 5. The error of the model is min-
imal when n = 4. Therefore, this study determined that the
time step is 4.
MFC Settlement (mm) 

SC FWM MWM 

0.983 0.994 0.995 1.000 
0.297 −0.093 −0.251 0.285 
−0.401 −0.718 −0.702 −0.154 
−1.009 −1.009 −1.007 −0.250 
−0.704 −0.834 −1.007 −0.341 

0.680 0.462 −0.004 −0.971 
0.416 0.377 0.078 −1.000 
0.361 0.324 −0.121 −0.972 
0.507 0.479 0.111 −0.979 
0.524 0.383 −0.136 −0.979 
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Fig. 6. Determination of time step.
4.3 Model building and perfo rmance comparison

4.3.1 Hyperparameter optimization and model building

In SVR model, the RBF kernel is one of the most widely
used nonlinear functions (Pang et al., 2011; Sha riati et al.,
2022). For RBF kernel functions, the kernel hyperparame-
ter lays a critical role in the distribution of data mapped
to a high-dimensional space, and its expression is as
follows:

c p 

K xi xj exp c xi xj 
2 22

CIn addition, the penalty factor plays a crucial role in 
balancing the model’s generalization ability and complex-
ity. In this paper, GS-NPSO was employed to optimize 
hyperparameters and First, GS was utilized to narrow 
down the range of hyperparameters and provide initial 
conditions for NPS O. The hyperparameter space was set
as [2−10, 210] with a step size of 20.5, and all possible com-
binations were subjected to cross-validation. The results
are shown in Fig. 7. MSE was used as an indicator to eval-
uate prediction accuracy. It can be seen from Fig. 7(c) and 
(d) that the preliminary optimal ranges o an were 
[23 ,26 ] and [2−10,2−7], respectively.

C c. 

f C d c 

Then, the initial position of the particle swarm was set in 
this range and the initial velocity was 10% of the optimal 
range. The particle swarm size was 30, and the particle 
dimension was 2. The maximum number of iterations 
was 400, and the loss function was 0.01. The nonlinear
coefficient k 0 45 and the acceleration factors

max c2max 1 5, min c2min 0 1. All the parameters
required for the model are shown in Table 3. 
c1 c1 

The nonlinear updates of inertia weight and accele ration
factors are shown in Fig. 8(a). To evaluate the hyperpa-
rameter optimization capability of GS-NPSO, the standard 
PSO 0 9 c 1 c2 1 5) was used for comparison as
shown in Fig. 8(b). The MSE decreases with the number 
of iterations. The MSE of PSO eventually stabilized at 
0.033 46 after 201 iterations, while the MSE of GS-
NPSO stabilized at 0.027 49 after only 70 iterations. Com-
pared with PSO, GS-NPSO improves prediction accuracy

(x 
by 17.8% and prediction speed by 65.2%. The results show 
that GS-NPSO has better prediction performance. The 
hyperparameter optimization results 
( 985 0684 c 0 000 977) through GS-NPSO were
used to build SVR model.
c 

4.3.2 Effects of ESR and MFC on prediction accuracy

ESR and MFC are the new parameters proposed in this 
paper to represent changing geological conditions. In order 
to show their contribution to improving prediction accu-
racy, the prediction resul ts using the new input parameters
were compared with those using only time and interlayer
soil settlement as inputs, as shown in Fig. 9. It can be seen 
that the prediction results with ESR and MFC are closer to 
the true value. The maximum error between the predicted 
and measured settlements was 0.466 mm, with an average 
error of 0.181 mm. Compared with the prediction results 
without ESR and MFC, the MAE and MSE are reduced
by 20.3% and 46.7%, respectively. The results confirm the
effectiveness of the new input parameters in enhancing pre-
diction accuracy.

4.3.3 Fusion algorithm performa nce comparison

In order to further evaluate the performance of GS-
NPSO-SVR fusion algorithm, grid search support vector 
regression (GS-SVR), particle swarm optimization support 
vector regression (PSO-SVR) and back propagation neural 
network (BPNN) were trained on the same data set. The 
R2 , MAE, MSE, MAPE and T IC of each algorithm were
calculated, as shown in the Fig. 10. The scatter plot on 
the left side shows the prediction results for both training 
and testing sets, and the radar plot on the right side pre-
sents the prediction performance of the algorithms. The 
deviation of all algorithms in the prediction results is 
within 20%, indicating that all four machine learning mod-
els have acceptable prediction accuracy (Asteris et al .,
2024a, 2024 b). The evaluation metrics of GS-NPSO-SVR 
algorithm are as follows: R2 = 0.990, MAE = 0.098, 
MSE = 0.022, MAPE = 1.125, and TIC = 0.008 in the 
training set, and R2 = 0.875, MAE = 0.038,
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Fig. 7. MSE of nd a) Azimuth −37.5°, vertical elevation 30°, (b) azimuth 0°, vertical elevation 90°, (c) azimuth 0°, vertical elevation 0°, and (d)
azimuth 90°, vertical elevation 0°.

C a c. ( 

Table 3 
Parameter value.

Parameters C c Particle swarm size Particle dimension Maximum number of iterations Loss function 

Value 985.0684 0.000 977 30 2 400 0.01 
MSE = 0.002, MAPE = 0.343, and TIC = 0.002 in the test-
ing set. In both the training and testing sets, the R2 of GS-
NPSO-SVR is higher than that of other algorithms, while 
the four error-related metrics (MAE, MSE, MAPE, and 
TIC) are lower. It means that GS-NPSO-SVR performs 
better in target parameter estimation. In add ition, the R2

on the testing set is lower than that on the training set,
but it performs better on other parameters. This result is
expected since there is a rapid development period of settle-
ment in the training set, leading to a large error.
4.4 Model ap plication

The MPTS model was used to predict the accumulated 
settlement and settlement rate, as shown in Fig. 11. This 
project requires that the accumulated settlement to be less 
than 5 mm and the settlement rate to be less than 1 mm/d. 
It can be seen that normal construction cannot meet the 
settlement requirements. Therefore, this model made a 
warning. Then, the sensitivity analysis based on MPIS 
model was used to determine the reinforcement measures.
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Fig. 8. Acceleration effect. (a) Nonlinear updates of inertia weight and acceleration factors, and (b) optimization comparison of PSO and GS-NPSO.

Fig. 9. Effects of ESR and MFC on prediction accuracy.
Sobol method a commonly used sensitivity analysis 
method, which evaluates the importance of input parame-
ters to pred icted outcomes based on variance decomposi-
tion. Its equation is as follows:

A f 2 X dX f 2 
0 23

Ai f 2 
i xi dxi 24

Ai1 i2 is f 2 
i1 i2 is 

xi1 xi2 xis dxi1 d xi2 dxis

25

where s the total variance, which represents the influence 
of all input parameters on the model output, s the par-
tial variance, which represents the influence of an individ-
ual input parameter on the model output, an i1 i2 is is
the partial variance, which represents the influence of the
interaction between multiple input parameters on the
model output.

A i 
Ai i 

d A 
The sensitivity coefficient is the ratio of partial varia nce
to total variance, as follows:

Si1 i2 is 

Ai1 i2 i s

A
26

where is the first-order sensitivity coefficient, indicating 
the influence of i on the model output. To obtain the 
impact of all parameters related to , the corresponding 
opposite event should be considered: the influence of all
other factors except on the model output. Then, the glo-
bal sensitivity coefficient can be expressed as follows:

Si 

X 
X i 

X i 

ST 
i 1 A i 

A 
27

where is the global sensitivity coefficient of X i.ST 
i 

In this study, Sobol method was employed analyze the 
correlation between the input parameters and the interlayer 
soil settlement. The global sensitivity is shown in Fig. 12(a), 
and the first-order sensitivity is shown in Fig. 1 2(b). 
Among all the input parameters, previous settlement (PS) 
exhibits the highest global and first-order sensitivity. It
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Fig. 10. Prediction results and model performance. (a) GS-SVR, (b) PSO-SVR, (c) BPNN, and (d) GS-NPSO-SVR.
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Fig. 11. Accumulated settlement and settlement rate.
means that regular monitoring remains an effective mea-
sure for evaluating settlement development. As for the 
ESR and MFC developed in this paper, they have large 
influence coefficients in the FWM and MWM and small 
influence coefficients in the SC. The reason is that FWM 
and MWM are significantly influenced by construction
activities, leading to notable changes in stress and moisture
content. Conversely, silty clay exhibits little variation due
to its long distance from the excavation face.

According to the sensitivity analysis results, imple-
menting reinforcement or water-stopping measures for 
FWM and MWM can help reduce interlayer soil settle-
ment. Therefore, FWM and MWM on another section 
with similar geological conditions were improved by 
grouting. The MPTS model was used to predict the
interlayer soil settlement, which was compared with the
unreinforced section. The 500-day prediction results are
shown in Fig. 13. It can be seen that the settlement with 
reinforcement is significantly smaller than that without 
reinforcement. The maximum accumulated settlement 
after reinforcement is 2.52 mm, which is 79.97% less than
that without reinforcement, and the maximum settlement
rate is 0.94 mm/d, both of which are less than the limit
Fig. 12. Sensitivity analysis results. (a) Globa
value, indicating the effectiveness of the MPTS mod el-
based reinforcement measures.

To further investigate the time-varying characteristics of 
interlayer soil settlement, this study compares the settle-
ment behavior with and without improvement based on 
machine learning predictions. Using the settlement at day 
500 as the reference total settlement, Fig. 14(a) and (b) 
illustrates the daily and cumulative settlement proportions 
for the first 10 days and from day 10 to day 100, respec-
tively. It can be seen from Fig. 1 4 that the settlement 
mainly occurred within a few days after the passage of 
the shield machine, and the daily settlement ratio gradually 
decreased with time. For reinforced soil, the cumulative 
settlement quickly approaches nearly 100% within the first 
10 days. In contrast, for unreinforced soil, the cumulative 
settlement progresses more slowly, reaching 71.3% of the
total settlement by day 10. As shown in Fig. 1 4(b), the daily 
settlement ratio significantly decreases compared to the 
first 10 days. The cumulative settlement for reinforced soil 
has stabilized, whereas for unreinforced soil, it continues to 
increase gradually. By day 100, the cumulative settlement 
for unreinforced soil amounts to 88.6% of the total
settlement.
l sensitivity, and (b) first-order sensitivity.
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Fig. 13. Reinforcement effect based on MPTS model.

Fig. 14. Daily and cumulative settlement. (a) Settlement ratio of 1–10 days, and (b) settlement ratio of 10–100 days.
According to the information presented in Fig. 14, the 
settlement of reinforced soil can be divided into two stages: 
a rapid accumulation stage followed by a stabilization 
stage. During the rapid accumulation stage, settlement 
increases quickly before settling into a stable pattern. In 
contrast, the settlement of unreinforced soil experiences 
three distinct stage s: an initial rapid accumulation stage, 
a subsequent gradual development stage, and finally a sta-
bilization stage. Settlement increases swiftly during the 
rapid phase, slows down during the gradual stage, and then 
stabilizes. The phenomenon can be attributed to the fact 
that the settlement caused by shield construction consists 
of two comp onents: one is short-term settlement due to
the gap left by the tail of the shield machine, which occurs
during the rapid accumulation stage. The other is long-
term settlement resulting from the sustained dissipation
of pore water pressure, which takes place during the grad-
ual development stage. Reinforced soil, having its pores
filled with grout that solidifies, does not experience seepage
consolidation. Therefore, it does not have a gradual devel-
opment stage. In contrast, for unreinforced soil, approxi-
mately 70% of the settlement originates from the gap left 
by the shield machine’s tail, while about 30% results from
seepage consolidation.

5 Conclusions 

This paper proposed a multi-parameter time series 
(MPTS) model to predict the interlayer soil settlement in 
the construction of existing structures under-crossed by a 
shield tunnel. The MPTS model developed new input 
parameters and a fusion algorithm. Sobol sensitivity anal-
ysis was used to identi fy important parameters and propose
improvement measures. The model can be used to analyze
potential risks and guide water stopping or reinforcement
construction. The following conclusions can be obtained:

(1) The new input parameters include time, ESR, MFC 
and interlayer soil settlement. Among them, ESR 
and MFC take into account changing geological con-
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ditions. Compared with the conventional input 
parameters, the introduction of ESR and MFC 
reduced the MAE and MSE by 20.3% and 46.7%,
respectively.

(2) The novel GS-NPSO-SVR fusion algorithm combi-
nes grid search and nonlinear particle swarm opti-
mization to find the optimal hyperparameters for 
SVR. Five performance indicators were applied to 
evaluate the predictive ability of GS-SVR, PSO-
SVR, BPNN, and GS-NPSO-SVR. The GS-NPSO-
SVR exhibited the best performance, with 
R2 = 0.990, MAE = 0.098, MSE = 0.022, 
MAPE = 1.125, and TIC = 0.008 in the training set
and R2 = 0.875, MAE = 0.038, MSE = 0.002,
MAPE = 0.343, and TIC = 0.002 in the testing set.
The GS-NPSO-SVR model demonstrated high pre-
diction accuracy and robustness in complex under-
crossing conditions.

(3) Sobol sensitivity analysis identified that previous set-
tlement exhibited the highest global and first-order 
sensitivity. In addition, MFC and ESR in FWM 
and MWM also had large influence coefficients, 
demonstrating that FWM and MWM should be pri-
oritized for reinforcement. For these two types of
soil, the influence coefficient of MFC was greater
than the influence coefficient of ESR, indicating that
water stopping measures should be prioritized over
reinforcement measures.

(4) A project of an existing tunnel under-crossed by a 
shield tunnel was used as a case study to verify the 
effectiveness of MPTS. The maximum error between 
the predicted and measured settlements was 
0.466 mm, with an average error of 0.181 mm. The 
results indicate that the developed MPTS model exhi-
bits high accuracy in predicting interlayer soil settle-
ment. In addition, the accumulated settlement after
reinforcement was reduced by 79.97%, indicating that
the improvement measures based on MPTS model
can effectively reduce the interlayer soil settlement.

In this paper, MFC was introduced to evaluate the 
mechanical properties of soil. However, this study focused 
solely on the impact of moisture content on mechanical 
behavior and did not account for certain aspects of soil 
heterogeneity, such as uneven moisture distribution caused 
by rainfall and variations in pore structure. Therefore, the
influence of rainfall-induced moisture distribution and
changes in pore structure on mechanical behavior are
important issues that warrant attention and further investi-
gation in future research.
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