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Abstract

This study introduces a shield attitude control method aimed at improving the accuracy and stability of tunnel boring machine (TBM)
in synchronous excavation and segment assembly (S-TBM) along the design tunnel axis. The proposed hybrid deep learning model inte-
grates bidirectional long short-term memory (BiLSTM) and Kolmogorov—Arnold network (KAN) cells to accurately predict S-TBM
attitude. This model is further combined with the multi-objective grey wolf optimizer (MOGWO) method for determining the optimal
proportional-integral-derivative (PID) parameters, thereby minimizing attitude deviations. The experimental results indicate that: (1)
The S-TBM reduces the construction time per single lining ring to 39 min, which is 34 min faster than the conventional TBM. (2)
The improved BiLSTM model can effectively estimate shield attitude, with an RMSE of 1.030, an MAE of 0.695, and an R? score of
0.998. (3) The proposed multi-objective optimization (MOQO) framework is able to reliably control S-TBM attitude, achieving an overall
improvement percentage of 25.66%. (4) Compared to other methods, the proposed approach enhances R? score by 0.03 and the overall
improvement percentage by 5.72%. The novelty of this research lies in the development of an intelligent control framework for shield
attitude under the synchronous excavation and segment assembly construction mode, which achieves reliable prediction and precise reg-
ulation of S-TBM attitude by synergistically coupling a nonlinear attitude response model based on an improved BiLSTM with an
MOGWO-driven PID parameter optimization strategy.

Keywords: Synchronous excavation and segment assembly; Shield attitude control; Bidirectional long short-term memory network; Kolmogorov—Arnold
network; Multi-objective grey wolf optimizer

1 Introduction

In recent decades, tunnel boring machines (TBMs) have
become an essential type of equipment in the tunnel con-
struction field. With the increasing demand for faster logis-
tics, long-distance and deeply buried tunnel projects are
becoming more popular. However, one of the major
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challenges in long-distance tunnel construction is the long
construction period. To improve the sequential operation
mode of TBM characterized by ‘“‘advance-stop-assemble”,
experts have proposed synchronous excavation and seg-
ment assembly (SESA) technology. This technology allows
TBMs to simultaneously implement cutterhead boring at
the front-end and segment assembly at the back-end, signif-
icantly reducing the construction period. It’s reported that
SESA technology can improve construction efficiency by
30% to 50% (Li et al., 2024).

At present, typical SESA technologies include the lattice
tunneling method, the front navigate shielding method,
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and the double hydrocylinder synchronous tunneling
method. Compared to the other two techniques, the double
hydrocylinder synchronous tunneling method is widely pre-
ferred in countries like China and Japan for its straightfor-
ward design, reliable performance, and strong feasibility
(Zhou et al., 2018). Nonetheless, the operation process of
the method also faces certain challenges. Previous studies
have indicated that the construction mode of SESA
adversely affects the maintenance of shield attitude, which
inevitably increases the risk of shield tunnel misalignment
(STM) (Zhu et al., 2023; Xu et al., 2024). Engineering acci-
dents caused by STM are not uncommon, such as ground
surface collapse caused by over-excavation (Wang et al.,
2025). Therefore, how to minimize the deviation between
the formed tunnel axis (FTA) and the design tunnel axis
(DTA) by controlling the shield attitude has become a
hot research topic.

Currently, research on attitude control of SESA-TBM
(hereinafter referred to as “S-TBM”) mainly focuses on
theoretical analysis, with most of the findings being appli-
cable only to S-TBM without dual-hydraulic systems.
For example, Zhu et al. (2023) proposed a technique for
achieving SESA by axially inserting the key block using
the additional stroke of hydraulic jacks and clarified the
governing equations for redistributing the missing thrust
in synchronous mode. The experimental method seeks to
replicate tunnel excavation scenarios using a dedicated S-
TBM experimental platform, which serves to verify the fea-
sibility of the SESA technology in maintaining shield atti-
tude and advanced speed. While these studies have
uncovered some intriguing phenomena, they do not pro-
vide an effective method for the intelligent control of S-
TBM attitude. Numerical simulations are also important
approaches for studying shield attitude control. However,
due to the complexity of S-TBM modeling techniques, this
method has not yet been developed.

With the development of digital information technol-
ogy, some researchers have begun exploring the integration
of machine learning (ML) and deep learning (DL) methods
with optimization algorithms to achieve intelligent control
of shield attitude. For example, Wang et al. (2019) pro-
posed a multi-ring deviation correction parameter calcula-
tion method combining eXtreme Gradient Boosting
(XGBoost) with geometric models and association rules,
but it relies on a large number of pre-established rules
and manual screening, which limits its applicability. Fu
et al. (2024b) developed a hybrid model integrating graph
convolutional networks, long short-term memory (LSTM)
networks, and the online non-dominated sorting genetic
algorithm II for conventional TBM attitude prediction
and control. Wu et al. (2024) combined Bayesian optimiza-
tion categorical boosting with a decomposition-based
multi-objective evolutionary algorithm to estimate and
optimize large-diameter slurry shield attitudes. Recently,
the application of reinforcement learning (RL) techniques
in attitude control has also been reported. For instance,
Xu et al. (2024) achieved adaptive control of shield attitude

using multi-agent deep RL. However, due to the significant
influence of the reward function on the model, it fails to
effectively address environmental uncertainties. Further-
more, these models are typically trained on time-series
datasets collected during conventional TBM propulsion
processes, leaving their applicability to S-TBMs with differ-
ent hydraulic configurations and operating modes yet to be
validated.

In a recent study by Hu et al. (2022) on the intelligent
control system for shield tunneling, it was explicitly sta-
ted that proportional-integral-derivative (PID) control
is a commonly used method for achieving automatic
control at the execution level in shield tunneling systems.
Therefore, this study adopts PID controllers to imple-
ment attitude control for S-TBM. The prerequisite for
applying PID control is to establish a transfer function
that can accurately map the input-output relationship.
For instance, Deng et al. (2025) established transfer
function models that map the pressure difference
between hydrocylinders to shield attitude, and employed
particle swarm optimization to tune PID controller
parameters for the adjustment of conventional TBM
attitude. However, these transfer function models do
not consider geological parameters or the absence of
assembly hydrocylinders, and their limited capacity for
nonlinear approximation results in suboptimal perfor-
mance in capturing the attitude response. A promising
solution involves integrating DL models with intelligent
optimization algorithms within a unified control frame-
work, where the former replaces conventional transfer
functions for modeling attitude responses, while the lat-
ter tunes PID controller parameters.

It is well-known that the operational parameters of
TBMs exhibit significant temporal characteristics (Qu &
Zhang, 2025). As a result, many researchers have used
recurrent neural networks and their advanced variants to
predict the operational parameters of traditional TBMs
(Kang et al., 2023), especially the bidirectional LSTM
(BiLSTM), which can process sequential information bidi-
rectionally. For example, Chen et al. (2022) developed a
hybrid model for shield thrust prediction based on an
attention mechanism, a convolutional neural network
(CNN), and BILSTM. However, since BiLSTM shares
the fundamental principle of using fixed nonlinear activa-
tion functions in neurons with multi-layer perceptrons
(MLP), it may not always perform well in capturing the
complex relationships between TBM operational parame-
ters. Previous studies have shown that Kolmogorov—
Arnold network (KAN) can significantly enhance the func-
tion mapping capabilities of models such as CNN (Abd
Elaziz et al., 2024). On this basis, the KAN can be lever-
aged to enhance the original BILSTM model, thereby
improving its prediction accuracy and capability to capture
complex nonlinear relationships. To the best of our knowl-
edge, no research has explored the application of the
BiLSTM-KAN model in S-TBM attitude prediction to
date.
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Another key issue to address is how to construct an
optimization framework for shield attitude control to
ensure that the FTA closely matches the DTA. Since the
control of shield attitude involves multiple objectives, such
as regulation time, overshoot, and accumulated error, this
problem can be formulated as a multi-objective optimiza-
tion (MOO) problem. The multi-objective grey wolf opti-
mizer (MOGWO) is a swarm intelligence optimization
algorithm. Compared with evolutionary algorithms, this
method has advantages such as preserving search space
information during iterations and requiring fewer parame-
ters to be tuned (Mirjalili et al., 2014). Recently, there have
been several reports on the application of the MOGWO in
control engineering. For example, Fu et al. (2024a) applied
an improved MOGWO to optimize TBM machine param-
eters under 12 working conditions, which provides decision
support for shield drivers to operate the TBM. The success-
ful application of the MOGWO algorithm in the aforemen-
tioned studies demonstrates its broad potential in the field
of control. Therefore, this study employs this algorithm for
the attitude optimization of S-TBM.

In summary, research on intelligent control strategies
for shield attitude under the SESA construction mode
remains limited. To address this gap, this study develops
an intelligent attitude control framework for S-TBMs
equipped with dual hydraulic systems. The framework con-
sists of three main modules: (1) designing an experiment to
simulate the S-TBM construction process for obtaining rel-
evant feature data; (2) developing an improved BiLSTM
model enhanced by a KAN to accurately estimate shield
attitude; and (3) constructing a unified simulation model
that integrates the improved BiLSTM and MOGWO to
intelligently control the shield attitude and minimize devia-
tions. The novelty of this approach lies in (a) introducing
an improved BILSTM model to perform nonlinear
dynamic modeling of shield attitude responses under the
combined influence of propulsion hydrocylinder pressures,
assembly hydrocylinder states, and geological parameters,
and (b) the synergistic coupling of this model with
MOGWO-driven PID parameter optimization within a
unified simulation framework, enabling accurate attitude
control under the SESA mode for smooth tunnel
excavation.

2 Methodology

An overview of the proposed framework is illustrated in
Fig. 1. Detailed descriptions of the experimental setup,
shield attitude prediction, and intelligent control are pro-
vided in Sections 2.1 to 2.3, respectively.

2.1 Experimental design for shield attitude control in SESA
scenarios

The S-TBM equipped with dual hydraulic systems is
shown in Fig. 2. Its primary components include the cutter-
head, the front shield, the propulsion hydraulic system, the

middle shield, the assembly hydraulic system, and the seg-
ment erector. Due to its adoption of a non-stop tunneling
approach, the S-TBM significantly enhances construction
efficiency but also increases its sensitivity to changes in
both front-end soil pressure and the forces transmitted by
the back-end assembly hydrocylinders. Therefore, to
achieve precise shield attitude control, it is necessary to
take into account the influence of stratum characteristics
and the working status of assembly hydrocylinders.

It is well known that the working principle of a PID con-
troller is to minimize the deviation between the current and
target attitudes by setting appropriate control parameter
values, including the proportional coefficient (k,), integral
coefficient (k;), and derivative coefficient (kq). The mathe-
matical description of this process is provided in Eq. (1).
Notably, although the derivative term in Eq. (1) improves
system response speed via attitude deviation rate feedback,
its poor capability to suppress high-frequency noise may
adversely affect the pressure control of the propulsion
hydrocylinders. Therefore, this study sets the derivative
coefficient to zero.

“.

where ¢ represents time; P(¢) is the regulated pressure differ-
ence; E(¢) represents the deviation between the current atti-
tude and the target attitude at time ¢, and its value varies
over time.

To develop an intelligent control framework for the atti-
tude of the S-TBM equipped with dual hydraulic systems,
one of the key tasks is to conduct SESA experiments to col-
lect data. Table 1 outlines the specific experimental proce-
dures. Due to the numerous sensors equipped on the S-
TBM experimental bench, the operational data of the
TBM during the experiments can be automatically moni-
tored and recorded. For example, each set of hydrocylin-
ders is equipped with independent pressure sensors to
monitor pressure status in real time. These collected data
are transmitted to the control terminal and stored in CSV
file format by means of information conversion technol-
ogy. Moreover, the control terminal of the TBM is capable
of communicating and transmitting data with external
computing devices (a DELL G15 laptop) via a Modbus
module, thus ensuring efficient management and utilization
of the experimental data.

According to Step 4, when the lining ring is partitioned
in different ways, the retraction scheme of the assembly
hydrocylinder is also different. Figure 3 shows the assembly
process of a lining ring using the “1 + 5” segmental mode.
It can be observed that both the number and location of
the missing assembly hydrocylinders are significantly influ-
enced by the position of the segment to be assembled. In
other words, when assembling different lining segments,
the pressure distribution of the assembly hydrocylinders
will vary. This indicates that the propulsion hydraulic sys-
tem influenced by the assembly hydraulic system can exhi-
bit different thrust distribution characteristics, thereby

P(t) = k,E(t) + k; /E(t)dt + kg
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Step 1. Experimental design
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Table 1

Experimental steps for simulating the S-TBM construction process.

Step No. Main tasks

1 Initialize all experimental parameters, system variables, and the operational status of each component of the S-TBM.

2 The operator adjusts parameters such as the oil pressure opening of each group of propulsion hydrocylinders to transition the S-TBM into
excavation mode.

3 When the space for the installation of the first lining ring is prepared, the SESA mode is activated. Specifically, the propulsion hydraulic
system continues to drive the cutterhead for soil cutting, while the assembly hydraulic system, along with the segment erector, begins to
work in coordination to assemble the segments.

4 According to the segment assembly sequence, retract the assembly hydrocylinders corresponding to the segment to be installed. Then, the
segment erector transports the segment to the designated position, where the assembly is completed. This process is repeated until the entire
lining ring is assembled.

5 Repeat steps 1-4 until the end of the experiment.

affecting the excavation attitude of the S-TBM. Therefore,
to ensure that the S-TBM can advance smoothly according
to the predetermined attitude, it is necessary to explore
shield attitude adjustment strategies for various scenarios
involving missing assembly hydrocylinders.

2.2 §-TBM attitude prediction considering missing assembly
hydrocylinders

To capture the complex nonlinear relationships among
parameters such as shield attitude, pressure difference,
and soil pressure, this study develops a BILSTM model
enhanced by KAN to replace traditional linear transfer
functions, enabling more accurate modeling of the hydrau-
lic state response of the system. The structure of the model
and the relevant evaluation metrics are outlined below.

2.2.1 Mechanism of the improved BiLSTM

The BiLSTM DL framework is an advanced version of
LSTM. Compared to conventional LSTM, the standout
feature of BILSTM is its use of bidirectional input streams.
This allows the model to process input data in both for-
ward and backward directions simultaneously, thereby
capturing more comprehensive information and dependen-
cies. Although BiLSTM has demonstrated powerful model-
ing capabilities in the field of civil engineering (Li et al.,

2023a), its underlying logic is constrained by the MLP
architecture, making it prone to issues such as gradient
vanishing or explosion. As a promising alternative to
MLP, the KAN effectively mitigates the shortcomings of
traditional DL models in capturing long-term dependencies
through its local plasticity mechanism. Therefore, the orig-
inal BILSTM can be considered for enhancement using
KAN, which is expected to improve the prediction
accuracy.

As is widely understood, the core components of the
LSTM cell are the forget gate, input gate, and output gate.
Its operational mechanism can be elaborated by Egs. (2)—
(7), respectively. Specifically, the forget gate f, in Eq. (2)
controls the degree of retention of each kind of informa-
tion, including the hidden state h,_; of the previous cell
and the current input x,. These data are also processed
through the input gate Z, in Eq. (3) and the tanh activation
function in Eq. (4), determining which new information
should be added to the current memory cell. As shown in
Eq. (5), the results of these two steps jointly influence the
current cell state C,. C,, together with the output gate o;,
governs the current hidden state &, with the detailed calcu-
lations provided in Egs. (6) and (7).

fr=0Ws-[h1,x]+ by), (2)
i = O'(Wi : [ht—lvx[} + bi)u (3)

Fig. 3. Assembly process of a lining ring. (a)—(c) Standard segments, (d)—(e) adjacent segments, and (f) capping segment.
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C, = tanh (Wc - [h_y,x,] + be), (4)
C,=f,-Coi+i-C, (5)
0y = O_(Wo : [ht—laxt] + bo)a (6)
h, = o, - tanh (C,), (7)

where ¢ is the sigmoid activation function; W;, W;, Wc,
and W, represent the weight matrices corresponding to
the forget gate, input gate, candidate cell state, and output
gate, respectively. Similarly, the bias vectors are sequen-

tially denoted as by, b;, b., and b,. a is the generated can-
didate cell state. Since a BILSTM consists of two parallel
LSTM structures that propagate information in opposite
directions, its output can be expressed by Eq. (8).

h = [Z’t, 7.,} , 8)

where 7, and h, represent the hidden states of the forward
and backward outputs, respectively.

The design of KAN is inspired by the Kolmogorov—
Arnold representation theorem shown in Eq. (9). The the-
orem states that any multivariate continuous function can
be represented as a combination of a finite number of uni-
variate functions.

FX) =300, (301 00s0) ) ©)

where f(X) is any multivariate continuous function depen-
dent on the variables X = [x,- - -,x,]; n is the number of
variables; ¢, and ¢, ; denote the external and internal func-
tions, respectively.

Compared to MLP, the accuracy of the KAN is
enhanced by innovatively introducing learnable activation
functions. Specifically, KAN’s learnable activation func-
tions consist of spline-based univariate functions placed
along the network edges, which markedly differ from the
MLP approach of using fixed activation functions at the
nodes. Additionally, another key advantage of KAN lies
in its grid refinement strategy, which allows the spline func-
tions to approximate the target function with high preci-
sion. This approach not only improves the model’s
performance but also enables it to achieve exceptional
results in a variety of tasks with a small network size
(Vaca-Rubio et al., 2024). Mathematically, the network
architecture of KAN can be represented by Eq. (10).

KAN(X) = ($gg_, -+ by 1) (X),
= 1727' "7Q7 17

where the notation ° represents the composition of func-
tions; ¢,_; denotes the (Q —i) th KAN layer, which is a
matrix composed of univariate functions {¢,,}, where
the subscripts ¢ and j denote the number of output vari-
ables and the number of input variables, respectively.
Figure 4 illustrates the improved BIiLSTM neural net-
work architecture. The input layer of the BILSTM receives
the raw data for feature extraction and processing,

including geologic parameters, differential pressure of
propulsion hydrocylinders, and assembly hydrocylinder
pressure. Then, the data passes through the BiLSTM hid-
den layer to fully capture and learn the feature information
in the data. After that, the outputs from the BiLSTM hid-
den layers (hy, hy,- - -, h,) are transmitted to the input layer
of the KAN. Subsequently, the complex relationships
between the variables are further refined and optimized in
the hidden layer of the KAN to obtain the intermediate
variables k| and k,. Finally, the output layer of the KAN
generates the prediction results, namely, the shield attitude
represented by the hydrocylinder stroke difference.

2.2.2 Model evaluation and explanation

This study comprehensively evaluates the performance
of the improved BiLSTM model using root mean square
error (RMSE), mean absolute error (MAE), and coefficient
of determination (R?), with detailed formulations provided
in Egs. (11)-(13).

Nore (55() — 4,(0))?
RMSE — \/Zzl (J’ Y ) 7 (11)

Npre

1 N )
MAE = Y
o

ST ()
S (r =)’
where N denotes the number of samples; y is the mean of
all observed data; ) and y') represent the predicted and

observed values of the ith sample, respectively.

To understand the predictive mechanisms behind the
improved BiLSTM model, permutation feature importance
(PFI), partial dependence plots (PDP), and individual con-
ditional expectation (ICE) techniques are applied. PFI
measures the importance of a feature x; by comparing the
difference in model performance before and after x; is per-
muted. Its mathematical formula is as follows:

PFI(x) = E[L( ¥, ¥ (% xx) ) | - E[L(¥. (X)),

_y(i>|7 (12)

RP=1- (13)

(14)
where X; denotes the permuted feature; xy,; is the remain-
ing features after removing x;; Y is the set of observations;
Y (%;,xx\) is the set of predicted values based on the new
feature set (%;,xx\;); and Y (X) denotes the set of predicted
values based on the original feature set X. To more accu-
rately estimate the importance of each feature, multiple

permutations of the feature to be ranked can be performed.
In this case, the PFI can be calculated using Eq. (15).

PFI(v) =4 X0, (A0 L (00,3 (31, ) ) = L0, 59)),
(15)

where N is the number of samples; » denotes the total num-
ber of times that x; is permuted.
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Fig. 4. Structure of the improved BiLSTM model.

Similar to the PFI, the PDP is also a method based on
marginal sampling techniques, allowing decision-makers
to observe the average impact of a single feature on the pre-
diction results. Equation (16) demonstrates the mathemat-
ical principle of PDP.

PDP(X.) = E[Y(Xc, XX\C)}

— / Y (X, Xx0)dP(Xx\c), (16)

where X is the set of features under study (usually con-
taining one or two features); Xy\¢ denotes the remaining
features in the feature space X, excluding the set Xc.
PDP(X.) can be estimated by calculating the average
predicted value of all data points, as shown in Eq. (17).

N
PDP(X) :le S (xe XY, (17)

i=1

where X ()?\c represents the observations of the remaining fea-
tures in the feature space X, excluding the set X.. Unlike
PDP’s global interpretation, the ICE depicts the dynamic
response of specific samples’ predicted values to changes in
a particular feature. These two approaches complement each
other, capturing both the model’s overall behavior and indi-
vidual sample variations for more comprehensive insights.

2.3 Intelligent control of S-TBM attitude

Appropriate PID control parameters are crucial for
achieving effective attitude control. To this end, this study

introduces a framework integrating an improved BiLSTM
model, the MOGWO algorithm, and a physical simulation
model. Taking the vertical attitude adjustment shown in
Fig. 5 as an example, these three components form a
closed-loop control system. Specifically, the MOGWO
algorithm optimizes PID controller parameters (including
the proportional coefficient K, and integral coefficient K;)
to dynamically regulate the pressure difference across
propulsion hydrocylinder groups. This pressure difference,
together with geological parameters and assembly hydro-
cylinder pressure, is fed into an actuator module based
on a pre-trained improved BiLSTM model. This model
has established accurate mapping relationships between
these multi-source inputs and the corresponding shield atti-
tude, enabling it to output the adjusted S-TBM attitude in
real time. The MOGWO algorithm then iteratively evalu-
ates and refines the control parameters based on key
dynamic response indicators such as overshoot.

The entire closed-loop control process is implemented
within the constructed physical simulation model. In this
model, the input signal corresponds to target attitudes,
including straight-line, upward-tilt, and downward-tilt
excavation. Herein, the signal values for these three atti-
tudes are set to 0, 15, and —15 mm, respectively. Each
adjustment lasts 30 s, encompassing both the transient
adjustment and steady-state phases. To capture the time
lag effect inherent in the propulsion hydraulic system
response, a dedicated delay module is incorporated.
Finally, the output signal, which represents the adjusted
shield attitude, can be observed on an oscilloscope.
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In control system regulation, regulation time (7'), over-
shoot (0), and the integral of time multiplied by the abso-
lute value of error (ITAE) are recognized as three critical
performance metrics. Accordingly, this study employs
these indicators as objective functions for shield attitude
MOO, with the MOGWO algorithm applied to solve the
formulated problem. Figure 6 illustrates the algorithm flow
of MOGWO. The process begins with population initial-
ization, where the initial positions of the grey wolf popula-
tion are set by generating a set of random solutions. Each
solution’s performance is then evaluated based on prede-
fined objective functions. Subsequently, individuals in the
population are ranked according to their objective function
values, and the positions of the grey wolf leaders («, 5, and
0) are updated. Next, the hunting behavior model of the
grey wolves is applied to update the positions of each wolf
in the population to generate new candidate solutions. The
quality of the solutions is progressively optimized through
continuous iteration. Finally, the new solutions are evalu-
ated and compared with the current optimal solutions to
construct the final Pareto front. Although all Pareto opti-
mal solutions are non-dominated, practical attitude control
requires selecting a single optimal solution. Therefore, this
study employs the TOPSIS method to identify the ideal
solution from the Pareto front. The method evaluates can-
didate solutions by calculating their Euclidean distances to
both the positive-ideal and negative-ideal solutions.

3 Experimental study
3.1 Data resources

It is well known that DL relies on the quantity and qual-
ity of available data. Therefore, this study conducts a field
experiment simulating SESA technology. The experiment is
implemented on a 1:1 restoration S-TBM experimental
bench with a diameter of 6 m and a length of 10 m, as
shown in Fig. 7. It adopts a structural simplification

method similar to that used by Zhu et al. (2023), in which
the cutterhead is removed, and reaction hydrocylinders are
used to simulate the water and soil pressure acting on the
cutterhead face. To simulate the soil constraints acting on
the S-TBM in real strata, the vertical displacement, hori-
zontal displacement, and circumferential rotation of the
model are restricted, while the other three degrees of free-
dom (pitch, yaw, and tunneling) are released. Guided by
the professional knowledge of on-site engineers, invalid
data such as empty cells and outliers are manually
removed, resulting in a total of 5406 valid samples for
developing the shield attitude prediction model.

The reaction hydraulic system is divided into four reac-
tion hydrocylinder groups: upper, lower, left, and right.
The upper and lower reaction hydrocylinder groups consist
of three reaction hydrocylinders, each with a diameter of
0.22 m and a stroke of 1.65 m, while the left and right reac-
tion hydrocylinder groups are composed of four identical
reaction hydrocylinders. Overall, these 14 reaction hydro-
cylinders are evenly distributed along the circumference.
Common geological conditions include soft soils, hard
rock, and soft-over-hard composite strata, among others.
Given that soft homogeneous strata and upper-hard
lower-soft composite strata are more unfavorable for tun-
nel construction safety, this study focuses on these two
types of strata. Based on experience and referring to the lit-
erature (Li et al., 2023b; Zhang et al., 2025), for soft homo-
geneous strata, the pressure difference between the four
groups of hydrocylinders is minimal, with an average value
of 10 MPa. For the upper-hard lower-soft composite
strata, the strength difference is simulated by adjusting
the relative pressures of the reaction hydrocylinder groups
at the corresponding positions. Specifically, the pressure in
the hydrocylinder groups on the left, right, and bottom is
generally around 13.656 MPa, while that in the upper
group averages 21.992 MPa. It should be noted that the
proposed method is not limited to these two types of strata.
For other geological conditions, its applicability can be
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entities.

enhanced by expanding the dataset and performing fine-
tuning with new data.

Figure 8(a) depicts the layout of hydrocylinders in the
propulsion hydraulic system. It can be observed that the
propulsion hydraulic system also consists of 4 groups (a

total of 14) of hydrocylinders with a diameter of 0.22 m
and a stroke of 1.65 m. The upper and lower hydrocylinder
groups control the vertical attitude, while the left and right
hydrocylinder groups control the horizontal attitude.
Essentially, the mathematical description of the shield
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attitude is represented by the stroke differences among the
propulsion hydrocylinder groups in relative positions. In
contrast, the assembly hydraulic system of the S-TBM
comprises 16 sets (a total of 32) of hydrocylinders with a
diameter of 0.18 m and a stroke of 2.25 m, as shown in
Fig. 8(b). In addition to the hydrocylinder dimensions,
the hydraulic system circuit, and the maximum pressure
flow rate are also consistent with the specifications of
TBMs commonly used in actual projects. The front shield
and the middle shield are connected through an articulated
method, which is conducive to the S-TBM'’s transition
between locking and resetting operations. The other com-
ponents of the S-TBM and its experimental process are
consistent with the actual construction, as detailed in
Section 2.1.

Furthermore, Fig. 8(b) illustrates the segmentation pat-
tern of the lining ring adopted in this study, which follows
the 3 standard segments (B1, B2, B3) + 2 adjacent seg-
ments (L1, L2) + 1 capping segment (F)” configuration.
Except for the capping segment, which has a central angle
of 22.5°, the other five segments correspond to a central
angle of 67.5° each. According to the assembly process of
the lining ring in the “1 + 5” segmentation mode shown
in Fig. 3, the missing scenarios of the assembly hydraulic

Table 2

cylinder can be divided into six types in this experiment,
as listed in Table 2. For example, when assembling the
BI1 segment, assembly hydrocylinders numbered 9, 10, 11,
and 12 must be retracted, while the remaining assembly
hydrocylinders remain released.

Based on the principles of S-TBM attitude control and
relevant literature (Li et al., 2023b), this study selects the
pressures of four reaction hydrocylinder groups (x; to
Xx4), sixteen assembly hydrocylinder groups (xs to x»g),
and the pressure difference between the upper and lower
propulsion hydrocylinder groups (x;) as input variables.
Considering that the vertical shield attitude can be repre-
sented by the stroke difference between the upper and lower
propulsion hydrocylinder groups, it is adopted as the out-
put target. The statistical characteristics of the input vari-
ables and output target are presented in Table 3 and
Fig. 9. It is worth noting that the non-zero minimum pres-
sures of the assembly hydrocylinders at positions @ and @
resulted from experimental deviations. But since these
cylinders are fully separated from the lining, the deviations
do not compromise the experimental results. To demon-
strate that there is no strong correlation between all input
variables and the output target, Fig. 10 presents a correla-
tion matrix based on Pearson’s correlation coefficient.

Working status of each group of assembly hydrocylinders when installing different segments.

Scenario No. Segment No. Retracted hydrocylinder groups Operating hydrocylinder groups

1 Bl 9,10, 11, 12 1,2,3,4,5,6,7,8,13, 14, 15, 16

2 B2 6,7,8,9 1,2,3,4,5,10, 11, 12, 13, 14, 15, 16
3 B3 6, 13, 14, 15, 16 1,2,3,4,57,8,9,10, 11, 12,

4 L1 3,4,5,6,16 1,2,7,8,9,10, 11, 12, 13, 14, 15

5 L2 1,2,3,16 4,56,7,8,9,10, 11, 12, 13, 14, 15
6 K 3 1,2, 4-1
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Table 3

Data description of the selected variables.

Symbol  Location  Max. Min. Mean SD Unit
X1 Bottom 163.00  40.00 130.27 18.68  bar
X> Left 151.00  14.00 106.05 2596  bar
X3 Right 149.00  27.00 101.58 27.52  bar
Xy Top 252.00  37.00 164.13 52.54  bar
X5 ® 441.00 0 134.52  107.00  bar
X6 @ 372.00 0 128.68 96.48  bar
X7 ©) 198.00 0 67.33 66.78  bar
Xg ) 297.00  6.00 140.09 7739  bar
X9 ® 277.00 0 11545 68.71  bar
X10 ® 182.00 0 51.69 56.46  bar
X1 @ 210.00 0 92.45 5832 bar
X12 217.00 0 93.45 57.68  bar
X13 ® 151.00 0 53.39 43.64  bar
X14 172.00 0 89.49 48.45 bar
X1s ® 22300 O 97.48 57.61  bar
X16 ® 28500 0 108.64 73.73  bar
X17 ® 261.00  7.00 102.95 72.73  bar
X18 230.00 O 103.39 68.11 bar
X19 ® 309.00 0 114.25 78.04  bar
X20 167.00 0 48.85 53.33  bar
X21 - 13400 —191.00 -16.96 5747  bar
y - 42.00  —60.00 —8.26 21.57 mm

Note: SD represents standard deviation.

From the perspective of force equilibrium and control the-
ory, the pressure difference of the propulsion hydrocylinder
groups, along with the pressures of the reaction and assem-
bly hydrocylinder groups, is all correlated with the shield
attitude. Among these, the pressure difference of the
propulsion hydrocylinder groups exhibits the most signifi-
cant influence.

3.2 Model training and implementation

The model training for this study is performed on a
computer equipped with an Intel 17-12700F CPU, an NVI-

DIA 3060 GPU, and 32 GB of RAM. Based on the well-
prepared dataset, a train-test split procedure is applied
using five-fold cross-validation. This method helps prevent
overfitting and ensures robust performance by training the
model on four folds while reserving the fifth for testing
(Rastogi et al., 2024). Specifically, in each training itera-
tion, the training set contains 4325 samples, whose input
and output tensors have shapes of (4325, 1, 21) and
(4325, 1), respectively. The testing set contains 1081 sam-
ples, with input and output tensors shaped (1081, 1, 21)
and (1081, 1), respectively. The process is repeated five
times, with each fold serving as the testing set once, and
the performance is averaged across all iterations for a more
reliable assessment (Baykan & Yilmaz, 2011). Since the
decision variables do not have dimensional differences, nor-
malization techniques are not applied. The model’s funda-
mental structure is detailed in Section 2.2.

To enhance the nonlinear fitting ability of the model,
sigmoid and tanh functions are used to activate the
BiLSTM neurons, while the KAN utilizes the SiLU activa-
tion function. The SiLU, defined as the product of the
input value and the value of the sigmoid function, offers
properties such as smoothness, differentiability, and non-
monotonicity, which help mitigate the vanishing gradient
problem. Additionally, the mean squared error (MSE) is
employed as the loss function during training, and the
model is compiled using the Adam optimizer. The hidden
layer structure of the model is determined using the grid
search method. To improve the computational efficiency
of the grid search, this study first fixes the hyperparameters
of the KAN and then searches for the optimal number of
hidden layers and hidden neurons of BiLSTM. Due to
the low computational efficiency of KAN, it is initially
set up with one hidden layer containing five hidden neu-
rons. After determining the optimal number of hidden lay-
ers and hidden neurons of BiLSTM, a second grid search is
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Xs N B e A e X6 —— | |
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Fig. 9. Numerical distribution of (a) the feature variables x; to x;; and (b) the feature variables x;, to x,; and target variables y.
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Fig. 10. Correlation analysis between different variables.

conducted to find the optimal hyperparameter combination
of KAN. Figure 11 shows the optimization results of the
hyperparameters when the learning rate is 0.001, the num-
ber of iterations is 1600, and the grid is 5. The circles in the
figure represent the MSE values corresponding to different
hyperparameter combinations, while the red star marks the
position of the minimum MSE. It can be observed that the
optimal hyperparameter combination consists of 2
BiLSTM hidden layers and 2 KAN hidden layers, with
the corresponding number of hidden neurons being 128,
128, 10, and 10, respectively.

Figure 12 shows the training loss of the model based on
the optimal hyperparameter combination within 1600
epochs. It can be seen that each training loss exhibits a sim-
ilar downward trend, with a rapid decrease within the first
150 epochs followed by gradual stabilization. In addition,
under the aforementioned CPU configuration, the model
is trained in an offline manner, requiring approximately
1.75 min for the complete training process, while the infer-
ence time is around 0.1 s. This demonstrates that the pro-
posed model can operate efficiently without relying on
high-performance computing platforms, indicating strong
potential for practical engineering applications.

To perform the optimization task of the shield attitude,
the key parameters of the MOGWO algorithm are detailed
in Table 4. Considering that the large adjustment of the S-
TBM machine parameters may lead to safety hazards, the
boundary ranges for the adjustable decision variables K,
and K; are set to [0, 1]and [0, 2], respectively. Additionally,
to prevent integral saturation and excessive overshoot

(namely, overshoot exceeding +5% of the steady-state
value), a back-calculation-based anti-windup method is
employed to constrain the actuator output. Based on prac-
tical testing, each simulation of the proposed shield atti-
tude control model takes approximately 1.5 min,
demonstrating the method’s computational efficiency for
real-time applications.

3.3 Result analysis

To verify the reliability of the proposed shield attitude
intelligent control method, RMSE, MAE, and R? are first
used to comprehensively evaluate the predictive perfor-
mance of the improved BILSTM model. Subsequently,
the effectiveness of the shield attitude optimization frame-
work is demonstrated by calculating the improvement per-
centage of the 7, O, and ITAE indicators. A detailed
analysis of the results is provided below.

(1) Compared with the traditional shield construction
mode, the construction efficiency of S-TBM for a sin-
gle lining ring can be improved by 46.58%. Figure 13
illustrates the efficiency comparison between the
sequential construction method and the SESA
method. It can be observed that when the stroke of
the S-TBM propulsion hydrocylinders extends from
the initial 220 mm to 482 mm, it meets the space
requirements for the assembly of the first lining seg-
ment Bl. At this point, the TBM transitions from
excavation mode to the SESA working state. As the
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cutterhead continues to cut the soil ahead, the stroke
of the propulsion hydrocylinders gradually increases
until it reaches 1377 mm. By this time, both the exca-
vation of the single lining ring and the assembly of
the six segments have been completed. As a result,
the total operation time for a single lining ring using
the S-TBM is 39 min. Additionally, as shown in
Fig. 13, the total operation time for a single lining
ring under the conventional shield construction
method is 73 min, with 39 min for excavation and
34 min for segment assembly. Therefore, the total
operation time can be reduced by 34 min through
the application of the SESA technique. Given that
the operating time of a single lining ring is used as
a metric to evaluate construction efficiency, the S-
TBM'’s efficiency can be increased by 46.58%.
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Fig. 11. Optimization results of hidden layer structures: MSE of the model with different BILSTM hidden layer structures on the (a) training set and (b)
testing set, and MSE of the model with different KAN hidden layer structures on the (c) training set and (d) testing set.

The improved BiLSTM model reliably estimates the
shield attitude with an R? score of 0.998. Table 5 pre-
sents the 5-fold cross-validation results of the
improved BiLSTM model. It can be observed that
the model always performs slightly better on the
training set than on the testing set during the five
cross-validation runs. Specifically, the RMSE,
MAE, and R? of the improved BiLSTM model on
the testing set are 1.030, 0.695, and 0.998, respec-
tively. Compared to the training set, the RMSE and
MAE on the testing set are higher by 0.313 and
0.145 mm, respectively, while the R is lower by
0.001. These results suggest that the model neither
overfits nor underfits. To provide a clearer explana-
tion, a more detailed analysis of the testing data from
the final fold is conducted, with the results shown in
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Table 4
Parameters of the MOGWO algorithm.
Parameters Description Values
Population Number of candidate solutions 20
size
Archive size The maximum number of Pareto optimal 20
solutions that can be stored
Number of Number of times the algorithm performs its 10
iterations search process
nGrid Number of grids used to divide the objective 10
space
Alpha Grid inflation parameter 0.1
Beta Leader selection pressure parameter 4
Gamma Extra repository member selection pressure 2

Figs. 14 and 15. It can be found that the difference
between the shield attitude predicted by the improved
BiLSTM model and the actual shield attitude is min-
imal, with an average prediction deviation of
0.312 mm. To evaluate the prediction stability of
the improved BiLSTM model under incomplete data
conditions, Fig. 16 presents the model performance
after randomly removing 5%-35% of the input data
and reconstructing the missing values using linear
interpolation. It can be observed that even when the
data missing rate reaches 35%, the model perfor-
mance remains within an acceptable range, such as
R?>=10.707 > 0.70. These results further demonstrate
that the proposed model maintains high accuracy and
robustness.

(3) The pressure of the assembly hydrocylinders, the
pressure difference, and the pressure of the upper
reaction hydrocylinder group have a significant effect

on the model’s predictive performance. The impor-
tance ranking of the decision variables determined
using the PFI method is shown in Fig. 17. It can be
found that the first three important factors contribut-
ing to the shield attitude prediction are the pressure
of the assembly hydrocylinder group numbered 1,
the pressure difference, and the pressure of the upper
reaction hydrocylinder group. Figure 18 presents the
PDP and ICE curves for the first three important
decision variables. It can be observed that the ICE
curves plotted based on different samples are signifi-
cantly different, which indicates that changes in the
input variables have different impacts on the model’s
prediction results on different samples. Further anal-
ysis of the orange PDP curve in Fig. 18 reveals that
an increase in xs leads to a decrease in the model pre-
dictions, whereas increasing x4 and Xx,; results in
higher model predictions. Furthermore, the 2D PDPs
in Fig. 19 provide additional support for this
conclusion.

(4) The proposed S-TBM attitude intelligent control
framework can enhance the response performance
of the propulsion hydraulic system with an overall
improvement percentage of 25.66%. Table 6 and
Fig. 20 present a comparative analysis of the TBM’s
response performance after tuning PID control
parameters using both manual and proposed meth-
ods. It can be observed that regardless of whether
manually tuned PID controller parameters or the
proposed method is applied, the overshoot of the S-
TBM attitude remains below 1 mm. Therefore, this
study focuses on 7' and ITAE metrics. Evidently,
the proposed method effectively reduces both metrics.
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Table 5
Cross-validation evaluation results of the improved BiLSTM model.

Fold number Metric Training set Testing set
1st fold RMSE 0.709 1.259
MAE 0.539 0.691
R 0.999 0.997
2nd fold RMSE 0.687 0.911
MAE 0.527 0.667
R 0.999 0.998
3rd fold RMSE 0.685 0.907
MAE 0.526 0.656
Rr? 0.999 0.998
4th fold RMSE 0.712 0.983
MAE 0.543 0.689
R? 0.999 0.998
5th fold RMSE 0.793 1.091
MAE 0.612 0.770
R? 0.999 0.997
Average RMSE 0.717 1.030
MAE 0.549 0.695
R 0.999 0.998

For instance, in Scenario 2, the PID parameters
obtained through the proposed method achieve the
highest average improvement percentages for 7" and
ITAE, reaching 27.43%. In contrast, the proposed
method performs relatively poorly in Scenario 4,
where it reduces 7 and ITAE by only 0.67 s and
214.10 mm-s, respectively. Nonetheless, compared
with manually tuned PID parameters, the proposed
method achieves an overall improvement rate of
4.31%.

4 Discussion

To further validate the superiority of the proposed
method under fair training budget conditions, this study
conducts comparative experiments in two aspects. For
one thing, the improved BiLSTM is compared against six
baseline models—including improved LSTM, LSTM,
BiLSTM, KAN, XGBoost, and Light GBM—with all eval-
uation metrics being averaged over five independent runs
to ensure reliability. For another, the MOGWO algorithm
is compared with NSGA-III and Fuzzy PID methods. The
detailed results are discussed as follows.

(1) The improved BIiLSTM method outperforms other
state-of-the-art approaches for shield attitude predic-
tion. As shown in Table 7, the DL-based baseline
models achieve superior performance compared to
XGBoost and LightGBM across multiple evaluation
metrics, with the improved LSTM model demonstrat-
ing particularly outstanding results. For example, in
terms of MAE, the improved LSTM reduces errors
by 34.19%, 30.49%, and 54.99% compared to LSTM,
BILSTM, and KAN models, respectively. However,
the prediction performance of the improved LSTM
is slightly inferior to that of the improved BiLSTM.
Specifically, the RMSE, MAE, and R® of the
improved BiLSTM are 1.030, 0.695, and 0.998, while
those of the improved LSTM are 3.793, 1.979, and
0.969, respectively. In summary, the improved
BiLSTM model demonstrates the best prediction per-
formance, making it suitable as a meta-model for
subsequent optimization work. This conclusion fur-
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ther illustrates that the improved BiLSTM model can

030 Features fully leverage BiLSTM’s ability to capture bidirec-
o 32 B ;T tional contextual information in sequence data, while
O X4 s utilizing KAN’s spline locality and differential prop-
*o B xiq erties to avoid catastrophic forgetting and improve
., ., accuracy.
=f =§“ (2) Compared to other shield attitude control methods,
-x; -x: the proposed optimization method is more effective.
03704 a6 051 7 B other Table 8 and Fig. 21 present the results of optimizing

the S-TBM attitude utilizing different PID parameter
Fig. 17. Feature importance ranking.
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Table 6

Comparison of results between manual control and the proposed method.

Method Scenario T(s) O(mm) ITAE(mm:-s) IP of T (%) IP of O(%) IP of ITAE (%) Overall IP (%)

Manual Scenario 1 12.18 0.15 10 528.35 - - - -
Scenario 2 14.00 0.16 15 355.49 - - - -
Scenario 3 11.85 0.04 9140.90 - - - -
Scenario 4 8.74 0 4059.83 - - - -
Scenario 5 8.49 0 6982.68 - - - -
Scenario 6 9.86 0 6575.72 - - - -
Average 10.85 0.06 8773.83 - - - -

Proposed Scenario 1 8.90 0.14 7733.95 26.93 2.87 26.54 18.78
Scenario 2 9.95 0.08 11 372.07 28.93 49.34 25.94 34.74
Scenario 3 8.87 0.01 6730.49 25.15 70.06 26.37 40.53
Scenario 4 8.07 0 3845.72 7.67 0 5.27 4.31
Scenario 5 7.61 0 6471.17 10.37 0 7.33 5.90
Scenario 6 7.51 0 4882.75 23.83 0 25.75 16.53
Average 8.49 0.04 6839.36 21.82 33.10 22.05 25.66

Note: IP stands for improvement percentage.
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Fig. 20. Distribution curves of (a) 7, (b) O, and (c) ITAE for manual control and the proposed method across all scenarios.
Table 7

Performance comparison of S-TBM attitude prediction models.

Metric Training data Testing data
RMSE MAE R RMSE MAE R?
Improved BiLSTM 0.717 £ 0.039 0.549 £ 0.032 0.999 £ 0.000 1.030 £ 0.132 0.695 £ 0.040 0.998 * 0.001
Improved LSTM 3.044 £ 1.307 1.849 + 0.776 0.977 £ 0.013 3.793 £ 0.320 1.979 + 0.599 0.969 £ 0.005
LSTM 5.349 + 0.675 2.759 £ 0.234 0.938 £ 0.015 5.873 £ 0.434 3.007 £ 0.133 0.925 £ 0.011
BiLSTM 4.930 + 0.568 2.660 = 0.254 0.947 £ 0.012 5.401 £ 0.294 2.847 £ 0.133 0.937 £ 0.006
KAN 5.646 + 0.339 4.287 £ 0.334 0.931 £ 0.009 5.786 + 0.380 4.397 £ 0.365 0.928 + 0.008
XGBoost 6.308 £ 0.063 4.740 £ 0.050 0.914 £ 0.002 6.611 £ 0.349 4.868 £ 0.174 0.906 £ 0.009
LightGBM 5.389 + 0.061 3.959 + 0.037 0.938 £ 0.001 6.677 £ 0.163 4.330 £ 0.058 0.904 £ 0.001
Note: Values for RMSE, MAE, and R? are presented as mean * standard deviation.
Table 8
Performance comparison of different PID parameters adaptive tuning methods.
Method Scenario T(s) O(mm) ITAE(mm-s) IP of T (%) IP of O (%) IP of ITAE (%) Overall IP (%)
NSGA-III Scenario 1 9.64 0.14 8115.48 20.85 2.87 22.92 15.55
Scenario 2 11.20 0.10 11917.38 20.00 37.24 22.39 26.54
Scenario 3 8.98 0.01 7144.51 24.2 66.74 21.84 37.60
Scenario 4 8.99 0 4182.34 -2.86 0 -3.02 -1.96
Scenario 5 8.18 0 6842.46 3.65 0 2.01 1.89
Scenario 6 7.89 0 5027.23 19.98 0 23.55 14.51
Average 9.15 0.04 7204.90 15.72 26.21 17.88 19.94
Fuzzy PID Scenario 1 11.93 0.15 1 .0290.00 2.05 0.99 2.26 1.77
Scenario 2 13.72 0.16 1 5010.00 2.00 4.06 2.25 2.77
Scenario 3 11.60 0.04 8930.00 2.11 7.56 2.31 3.99
Scenario 4 8.56 0 3970.00 2.06 0 2.21 1.42
Scenario 5 8.32 0 6830.00 2.00 0 2.19 1.40
Scenario 6 9.66 0 6430.00 2.03 0 2.22 1.41
Average 10.63 0.06 8576.67 2.04 3.38 2.25 2.56
Proposed Average 8.49 0.04 6839.36 21.82 33.10 22.05 25.66

tuning methods. It can be observed that the proposed
optimization method consistently achieves minimum
values across all evaluation metrics. Specifically, com-
pared to the NSGA-III and Fuzzy PID methods, the
proposed optimization method reduces the average T’
by 0.90 and 2.39 s, respectively, and decreases the
ITAE by 652.16 and 2023.93 mm-s, respectively.
Considering these two indicators comprehensively,

the average improvement percentage increased by
5.13% and 19.79%, respectively. Moreover, compar-
ing the performance of the NSGA-III algorithm
under different missing hydraulic cylinder scenarios
reveals that it performs best in scenario 3 and rela-
tively worst in scenario 4. This phenomenon further
demonstrates that the absence of assembly hydro-
cylinders in different positions and quantities can sig-
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Fig. 21. Shield attitude curves under different PID parameter tuning methods.

nificantly impact the regulation of the S-TBM atti-
tude. It should be noted that although the proposed
method has only been validated for vertical attitude
control, it is equally applicable to horizontal attitude
control scenarios due to the similar regulation princi-
ples involved.

5 Conclusions

This study proposes an intelligent control framework
for S-TBM attitude. The framework integrates three key
components: an improved BiLSTM model for attitude pre-
diction, a MOGWO-driven PID parameter optimization
module, and a virtual model for emulating the physical
control system. The collaborative operation of these com-
ponents markedly improves shield attitude control
accuracy.

A demonstration study is conducted using measured
data from the S-TBM experimental bench to validate the
effectiveness of the proposed method. The obtained key
findings are as follows: (1) The single lining ring opera-
tional efficiency of the S-TBM is 46.58% higher than that
of traditional shield construction methods; (2) Compared
to other state-of-the-art approaches, the improved
BiLSTM model is able to accurately forecast the shield atti-
tude under SESA mode with the highest R* score 0.998; (3)
The top three decision variables that have the greatest
impact on the model’s prediction performance are the pres-
sure of the first group assembly hydrocylinders, the pres-
sure difference, and the pressure of the upper reaction
hydrocylinders group; (4) The proposed intelligent control
method for shield attitude achieves an overall improvement
percentage of 25.66%, surpassing existing control methods
by at least 5.72%.

Although the proposed method introduces an innova-
tive solution for S-TBM attitude estimation and control,
there are still some limitations that need to be addressed
in future research. For one thing, the current dataset is rel-
atively limited, potentially affecting the model’s generaliz-
ability under extreme geological conditions. For another,

there remains a certain degree of discrepancy between
model testing and actual engineering environments, such
as the inability to account for the influence of grouting
pressure, which may introduce uncertainties in predictions
under complex working conditions. Therefore, further col-
lection of large-scale field data from S-TBM projects will
be regarded as a primary task in future work, as it is
expected to reinforce the validation of the model’s robust-
ness and engineering applicability. In addition, analyzing
the system stability margin under different delay conditions
and designing corresponding delay compensation strategies
are expected to further enhance the proposed method’s
adaptability and practical utility in complex construction
environments.
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