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Adaptive adjustment strategy for earth pressure balance (EPB)
operation parameters for pre-control of shield tunneling-induced
surface settlement: a case study
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Abstract: During shield tunneling, ground deformation poses significant safety risks. The full optimization strategy ignores
interactions between parameters, resulting in suboptimal performance in the pre-control of settlement in earth pressure balance
shields. To address this problem, this paper proposes an integrated strategy that combines optimization and inversion, minimizing
parameter interaction interference through adaptive adjustment of shield operation parameters. This mechanism performs an
optimization search on the key operation parameters for settlement control, while the remaining operation parameters are
predicted through inversion. Taking the Changchun Metro Line 6 project as an example, a bidirectional long short-term memory
(Bi-LSTM) model enhanced by a multi-head self-attention (MHSA) mechanism is used to predict shield tunneling-induced
settlement with spatiotemporal sequence dependency relationships. Particle swarm optimization and a random forest algorithm
are used for optimization and inversion operations in the integrated mechanism, respectively. Subsequent ring position tests
showed that the integrated mechanism-based adaptive adjustment strategy limited the average fluctuation of uncontrollable
parameters to £13.95% compared to £34.27% for the full optimization strategy. The actual average settlement was only 3.81 mm
compared to 4.72 mm for the full optimization strategy through collaborative parameter adjustment. The application validated
the feasibility and applicability of the integrated mechanism, providing important references for the adaptive adjustment of
shield parameters and tunnel construction automation.

Key words: Pre-control of settlement; Optimization and inversion; Multi-head self-attention (MHSA); Long short-term memory
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1 Introduction and underground utilities, significantly threatening
public safety and property. Given these risks, control-

The development of underground space effec-  ling settlement during shield tunneling has become an
tively addresses the challenges associated with urban  urgent issue in current underground transportation con-
sprawl, with subway-led underground rail systems struction, requiring the adoption of effective measures

rapidly advancing (Xu and Chen, 2023). Shield tun- o limit surface settlements.
At present, conventional technical methods for

controlling shield tunneling-induced surface settlement
mainly involve adjusting shield operation parameters
and grouting treatment inside and outside the tunnel
based on on-site measured settlement data. However,
the passive remediation measures taken after settle-
ment exhibit hysteresis, potentially causing irrevers-
ible residual deformations, and thereby posing safety
risks to the utilization and functionality of sensitive

neling, favored for its minimal disruption, efficiency,
and cost-effectiveness, is extensively utilized in under-
ground construction projects (Hou et al., 2022). How-
ever, the process presents risks such as groundwater
influx and geological hazards, which are particularly
concerning when tunneling near existing structures. Ex-
cessive settlement in these areas can damage buildings
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Burland, 2006; Luo et al., 2020; Zhang YQ et al., 2021),
analytical solutions and in situ predictions (Galera
et al., 2007; Deng and Wang, 2013), and numerical
simulations (Maleki, 2018; Zhang et al., 2020a).
Concurrently, various strategies for estimating the op-
timal operation parameters of shield tunneling have
been proposed. Due to the spatial variability of geo-
logical and geotechnical parameters, estimates based
on empirical and analytical formulas are often not ac-
curate enough, and numerical methods, which are time-
consuming in model creation and computation, are
not very feasible in the optimization of shield parame-
ters that have strong real-time requirements.

With the development of computer science, digi-
tal twins, big data analysis, and other technologies con-
tinue to develop and integrate increasingly closely in
various industries (Hu et al., 2025). The innovative
thinking of industrial integration has led to significant
achievements in various fields. In civil engineering
intelligent construction (CEIC), machine learning (ML)
methods can find the mathematical relationship be-
tween various factors and the predicted target in a
data-driven way and can obtain the predicted result in
a short time, which makes ML play an important role
in the field of surface settlement prediction caused by
shield tunneling (Suwansawat and Einstein, 2006;
Chen et al., 2022; Kong et al., 2022). When using an
artificial neural network (ANN), a backpropagation
neural network (BPNN) has been applied for the first
time to predict surface settlement, which is accept-
able despite the prediction error (Kim et al., 2001). To
reduce the prediction error and minimize the risk
of tunneling, Pourtaghi and Lotfollahi-Yaghin (2012)
proposed an alternative method for predicting the max-
imum surface settlement based on the integration of
wavelet theory and ANN. Currently, an increasing
number of ML methods have been adopted, such as
decision tree (DT), Lasso regression, support vector
regression (SVR) (Wei et al., 2023), random forest
(RF) (Zhang et al., 2020c), and gradient boosting deci-
sion tree (GBDT) (Zhang WG et al., 2021; Zhou ZX
et al., 2023). Additionally, more scholars have com-
bined ML with optimization algorithms to reduce er-
rors in settlement prediction by reasonably optimiz-
ing models or processing variables (Shi et al., 2021;
Zhou Z et al., 2023). It has been found that long
short-term memory (LSTM) has stronger memory re-
tention and selection ability (Zhang et al., 2020b; Li
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et al., 2022; Al Mehedi et al., 2023) and can consider
the sequence effects of deformation and surface set-
tlement caused by shield tunneling. Attention mecha-
nisms, introduced in recent years, excel at learning
spatiotemporal correlations between datasets by as-
signing attention weights to individual steps, demon-
strating an outstanding ability to capture long-term de-
pendencies between steps, key data information, and
internal autocorrelations within the data. LSTM vari-
ants, e.g., CNN-SA-LSTM (Gao et al., 2024; Yang
et al., 2025) and CNN-LSTM-Attention (Zhao et al.,
2024; Bao et al., 2025; Wang et al., 2025), incorpo-
rate a self-attention (SA) mechanism and a convolu-
tional neural network (CNN), demonstrating signifi-
cantly higher accuracy and handling sequential data
well. Although the multi-head self-attention (MHSA)
mechanism is more effective than the SA mechanism
in extracting richer data features from a multilevel
perspective across various subspaces, there is limited
research on integrating it within existing models to
predict surface settlement caused by shield tunneling
(Song et al., 2024). Therefore, in this study, the bidi-
rectional LSTM (Bi-LSTM) model was selected as the
baseline framework and integrated with the MHSA
mechanism to form the MHSA-Bi-LSTM model to
capture spatiotemporal correlations and extract key
data features.

In practical engineering, the control of shield tun-
neling parameters mainly relies on manual experience,
which is significantly subjective. Improper parameter
adjustment has become the main cause of recent shield
tunneling accidents. An increasing number of studies
have shown that there is a close relationship between
geotechnical parameters, tunneling parameters, and
settlement deformation in shield construction. Some
scholars have carried out in-depth studies on the opti-
mization of tunneling parameters to ensure that the
shield can operate efficiently under the expected work-
ing conditions. Liu and Ding (2020), through sensitiv-
ity analysis, found that synchronous grouting pressure
and advance speed are parameters affecting the sup-
port pressure, while cutter rotating speed, cutter torque,
and actual excavation amount are parameters affect-
ing the deviation angle. Close attention to and adjust-
ment of parameters with greater impact can thus opti-
mize the tunnel excavation process. Lin et al. (2021)
established a muck chamber support pressure predic-
tion model based on a genetic algorithm (GA)-BPNN
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and proposed an optimization mechanism for tunnel-
ing parameters, which enables the prediction and con-
trol of support pressure. When the control of surface
settlement is considered as a separate criterion, re-
searchers (Hou et al., 2020; Sun, 2022) have put for-
ward a similar approach, mainly finding the shield
parameters by searching. Although this method can
effectively reduce the computational complexity, the
synergistic effect between some parameters, such as
support pressure and cutter torque, is ignored and is
jointly determined by controllable operation parame-
ters as well as geometric and ground conditions, which
leads to a discrepancy between theoretical results and
actual operation, and thus resulting in a lack of pract-
ical engineering value. In response, Zhang et al. (2019)
proposed a method for optimizing shield operation
parameters when settlement exceeds the allowable
value, which involves preventing abnormal settlement
through parameter adjustment. This method requires a
clear division of superior and inferior subsets of sam-
ples, and inevitably, there will be some limitations in
its application. Optimizing shield operation parame-
ters to guide the shield work in the best configuration
state still requires further in-depth research within the
engineering field.

In light of the current state of affairs, this study
introduces a mechanism that integrates an optimiza-
tion and inversion algorithm. It is designed to achieve
preemptive management of surface settlement, mitigat-
ing the interference of interdependencies among shield
parameters. The MHSA-Bi-LSTM and RF methods
are applied to the prediction of settlement with se-
quence relationships and the inversion prediction of
operation parameters with limited monitoring accu-
racy, respectively. A partitioning strategy for opera-
tion parameters is proposed, thereby establishing a
composite optimization mechanism. A case study is
presented, demonstrating the practical implementation
and effectiveness of the proposed method from the
Changchun Metro Line 6 construction project. The
proposed method uses settlement control as a sepa-
rate judging criterion for constructing a recommen-
dation system of operation parameters to assist shield
driving, and therefore promoting advancement in the
field of shield automation and reducing construction
safety problems.

2 Methodology

2.1 Shield tunneling-induced surface settlement
forecast model

Earth pressure balance (EPB) shields turn the ex-
cavated material into a soil paste by soil conditioning
that is used as a pliable and plastic support medium.
This makes it possible to balance the pressure condi-
tions at the tunnel face, avoids uncontrolled inflow of
soil into the machine, and creates the conditions for
rapid tunneling with minimum settlement (Herrenknecht,
2024). Fig. S1 of the electronic supplementary materi-
als (ESM) shows a comprehensive schematic of key
parameters and the shield tunneling process in EPB
construction.

Since it is impossible to achieve single-variable
control in actual shield tunneling, a unique relation-
ship between surface settlement and various parame-
ters cannot be determined, but the surface settlement
is affected by multifactor coupling (Li et al., 2015). In
computer simulation or ML studies, the main factors
influencing surface settlement are categorized into geo-
metric parameters, geotechnical parameters, and shield
operation parameters. The surface settlement caused
by shield construction can be regarded as a spatiotem-
poral sequence prediction problem: the surface settle-
ment at a particular moment (time) and at a particular
location (space), for example, at the back of the com-
pleted excavation ring (space) (Ding et al., 2013; Richa
et al., 2023). The pre-shield arrival surface settlement
at a particular time is affected by factors such as the
support pressure on the unreached section. Therefore,
it is necessary to predict the surface settlement based
on multifactor spatial sequence data.

In the context of tunnel engineering, the depth-to-
span ratio (the ratio of cover depth to tunnel diameter)
and the center-to-center distance of twin tunnels are
recognized as critical geometric parameters that sub-
stantially influence shield tunneling-induced surface
settlement (S;). However, tunnel dimensions are typi-
cally fixed in each individual engineering study. The
twin tunnels in this project are nearly parallel, with a
center-to-center distance ranging from 13 to 17 m.
This distance satisfies the empirical criterion of being
greater than 2.0 times the tunnel diameter, which is
widely recognized as a reasonable range to minimize
interaction effects between adjacent tunnels and ensure



construction safety (Ghaboussi and Ranken, 1977,
Hage Chehade and Shahrour, 2008). Consequently, the
cover depth (D.) is identified as the only geometric
parameter for consideration.

Drawing on pertinent literature (Zhang et al.,
2020b; Li et al., 2022), key geotechnical parameters
are identified as the constrained modulus (£,,), cohe-
sion (¢), angle of internal friction (¢), and lateral earth
pressure coefficient at rest (K,). During soil mechan-
ics property experiments for this engineering project,
minimal variations in Poisson’s ratio and void ratio
(e) of distinct soil strata were observed, suggesting
that these parameters have a negligible influence on
settlement. Wu et al. (2019) and Huang et al. (2021)
have highlighted the presence of groundwater seepage
at the excavation face and the interface of the tail
shield as contributing to the consolidation settlement
of the soil. The altitude of the groundwater table not
only indirectly regulates the rate of seepage but also
influences the soil stability. Therefore, the water table
level (L,,) is selected as an important hydrogeological
parameter.

Research has demonstrated that the majority of
shield operation parameters, to varying degrees, can
influence surface settlement. Nonetheless, an over-
abundance of input parameters with excessive dimen-
sionality may lead to difficulties in model conver-
gence. Thus, parameters that have direct or indirect in-
teractions with the soil are prioritized. Accordingly,
the volume of synchronous grouting (V) (Niu et al.,
2023), total thrust (7,), cutterhead torque (7,), cutter-
head rotating speed (R.) (Wang et al., 2021), support
pressure (P;), advance speed (S,) (Cheng et al., 2022),
screw conveyor rotating speed (R,.), screw conveyor
torque (7.), and volume of excavated earth (V) (Lv
et al., 2020) are selected as the relevant shield opera-
tion parameters. Previous studies have identified that
these parameters exert a significant influence on the
stability of the excavation face and surface settlement
(Hu et al., 2021).

Given the numerous unknown or assumed condi-
tions, such as ground anisotropy, stress conditions, and
variable geotechnical parameters, it is difficult to ac-
curately predict surface deformation by conventional
methods (Galera et al., 2007). To address this issue,
preliminary monitoring of each location is essential.
As shown in Fig. 1, the pre-shield arrival surface set-
tlement (S,5) was used as a time input parameter,
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Fig. 1 Schematic of typical longitudinal development (Ding
et al., 2013) and parameter selection of surface settlement

and S, was mapped together with other influencing
parameters.

2.2 Strategy of adaptive adjustment

The EPB shield (model ZTE6250) has a reliable
synchronized grouting, propulsion, measurement, and
grading system, which adjusts the grouting pressure
and speed according to the real-time shield tail gap
data and changes the advance speed and attitude by
controlling the jacking thrust. In practical engineering
applications, it is necessary to take into account the
controllable nature and interactive synergies of param-
eters with the advance speed, cutter head rotating speed,
and screw conveyor rotating speed (S,, R., and Ry.),
being directly determined by the operator, but with
the total thrust (77), support pressure (P,), and cutter-
head torque (7,), and other parameters being jointly
influenced by controllable parameters as well as geo-
metric and ground conditions (Li et al., 2021; Wang
et al., 2024). In addition, there are varying interaction
effects between these parameters, as shown in Fig. S2
of the ESM, which is similar to the topology network
structure.

While searching all parameters can yield the op-
timal outcome, doing so might disrupt the inherent in-
teractive relationships between the parameters. To ad-
dress this, by leveraging the distinctive advantages of
ML methods in dealing with problems of high cou-
pling among influencing factors and indeterminate
reasoning rules, this paper introduces an innovative
method that employs a combination of optimization
and inverse prediction strategies, minimizing the im-
pact of the interaction between shield parameters. This
methodology is designed to realize the self-adaptation
of shield machinery, with its summary illustrated in
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Fig. 2. The entire procedure is bifurcated into design
phase I and construction phase II.

Phase I begins with the development of a predic-
tion model of S; (Model 1), which is then utilized as a
meta-model for conducting parameter sensitivity ana-
lyses and other operations. A multiclassification method
for shield operation parameters is developed to target
the control of settlement. Operation parameters with
high global sensitivity are classified as Category A
parameters, and those with low global sensitivity are
classified as Category B (uncontrollable) and Cate-
gory C (controllable) parameters according to whether
they are artificially regulated. The first step in the adap-
tive adjustment mechanism involves recommendations
for Category A parameters, which determine the set-
tlement through an integration of the settlement pre-
diction model with the PSO algorithm. In contrast, pa-
rameters of Categories B and C, which possess low
global sensitivity, are initialized with their respective
mean values as model inputs. In the second step, as il-
lustrated in Fig. 3 (which presents a detailed view of
the inversion prediction module in Step 2 of Fig. 2),
the updated Category A parameters, in tandem with
geometric and geotechnical parameters as well as
settlements, are used to inversely derive new Category

B parameters through Model 2. This is followed by the
inverse prediction of Category C parameters and all the
aforementioned parameters through Model 3, which
makes it possible to recommend human-controllable
parameters more precisely by adding input parame-
ter dimensions. At this point, the entire optimization
workflow is complete. This strategy optimizes re-
sources by focusing on parameters that play a domi-
nant role in settlement, significantly reducing compu-
tational complexity. At the same time, it maximizes
the retention of parameter interactions, avoids the op-
timization bias caused by traditional methods that ig-
nore parameter correlations, and more accurately re-
flects the impact of parameter synergies on tunneling-
induced settlement.

Phase 11 is dedicated to developing the SPOS, as
shown in Fig. S3 of the ESM, for comprehensive set-
tlement control in shield tunneling. The optimized pa-
rameters are transmitted to the shield machine opera-
tor for real-time tuning. During the construction of the
shield tunnel, new monitoring data samples are con-
stantly being generated. These will be helpful in fu-
ture research for further improving the accuracy of the
prediction model and enhancing the accuracy of the
recommended parameters of the system.

Design phase |: mechanism of optimization and inversion

Data set Dataset: training and test
Tr_la_ini?gz(;?%) |:> Shield tunneling-induced Pre-shield arrival Geometric | Geotechnical | Shield operation
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Fig. 2 Schematic diagram of the self-adaptation method of EPB shield tunneling. GSA is the global sensitivity analysis;
PSO is the particle swarm optimization; SPOS is the shield parameter optimization system
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In addition, the principle of Bi-LSTM is pre-
sented in Section S1 and Fig. S4 of the ESM; the
principle of MHSA is presented in Section S2 and
Fig. S5 of the ESM; the principles of RF and PSO are
presented in Sections S3 and S4 of the ESM, respec-
tively; the performance indicators are presented in
Section S5 of the ESM.

3 Case study
3.1 Project overview

This section presents an analysis using the Chang-
chun twin-tunnel metro construction project as a case
study and validates the proposed model. The specific
section analyzed is the shield tunneling interval
between Feiyue Square Station and Eurasia Shopping
Mall Station on the 2nd section of Line 6 of the Chang-
chun Metro (ZK16+197.489 to ZK17+575.235), with
the shield excavation proceeding from Eurasia Shop-
ping Mall Station toward Feiyue Square Station in the
northwest direction, as depicted in Fig. 4a. Spanning
a length of 1372.44 m, the interval features a minimum
curve radius of 550.00 m and a maximum line gradient
of 1.3268%. The overburden above the shield tunnel
ranges from 8.70 to 12.30 m. The tunnel excavation
occurred in the northwest direction, crossing under-
neath rain and sewage pipes as well as gas pipelines
and running parallel to the Feiyue Road Tunnel. Two
EPB shields of model ZTE 6250 from China Railway
Construction Heavy Industry Co., Ltd. were used, each
with a cutterhead diameter of 6.28 m. As shown in
Fig. S6 of the ESM, the cutterhead of the shield is a

composite type (four-spoke+panel configuration) with
an opening ratio of approximately 38%. The cutter-
head is equipped with four double-edge toothed cut-
ters at the center, 21 front single-edge toothed cutters,
30 scrapers, 11 edge single-edge alloy disc cutters, and
eight pairs of edge scrapers for bore diameter calibra-
tion. The tunnel lining consists of segments with an
outer diameter of 6.20 m, a thickness of 0.35 m, and
a length of 1.50 m. The center-to-center distance
between the twin tunnel axes ranges from 13 to 17 m.

Fig. 4b illustrates the comprehensive geological
cross-section of the shield tunneling interval for the
northwest travel direction line. The topography of this
interval is predominantly flat with an overall gradient
from west to east. The stratigraphic description from
the uppermost to the lowermost layer is as follows:
miscellaneous fill layer (1) primarily is consists of co-
hesive soil and construction waste, characterized by a
loose structure and inconsistent density, with some
areas featuring man-made pavement layers; silty clay
fill layer (2), is plastic in consistency, mainly com-
posed of arable soil with root systems and a minor
content of crushed stones; silty clay layer (2), is plas-
tic and slightly soft; completely weathered mudstone
layer (3),, intensely weathered mudstone layer (3),, and
moderately weathered mudstone layer (3), are suscep-
tible to disintegration upon long-term exposure and
readily soften when wet. Table 1 shows the physical
and mechanical properties of the geotechnical materi-
als in each layer below the Feiyue Road Tunnel. The
groundwater table is at a depth of 1.20 to 9.20 m,
with an altitude between 195.15 and 229.21 m, pre-
dominantly sustained by lateral seepage and through-
flow replenishment.
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Changchun rapid rail transit network (2030 and beyond)

[1] The color line is the “rapid rail transit
network planning” that has been basically
planned, and the gray line is still being
planned.

[2] All routes in this figure refer to the
Changchun comprehensive transportation
system planning (2016 revision).
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Table 1 Statistics of the physical and mechanical properties of geotechnical materials
. . Water Liquid Plastic Constrained . Angle of Lateral carth
Geotechnical Density, Depth . . Cohesion, internal  pressure
material (kg/m’)  (m) content ratio, e limit, - limit, - modulus, c (kPa) friction, coefficient at
P @ O W) W) E (MPa) o
o (°) rest, K,
Miscellaneous fill 1900 0.2-5.5 22.0 084 345 19.5 5.5 25 18 0.440
layer (1)
Silty clay fill layer (2), - 0.2-9.1 - - - - - - - -
Silty clay layer (2), 1960 0.4-16.0 199 0.79 285 16.5 5.9 29 20 0.425
Completely weathered 2030 1.5-13.7 183 0.72  28.8 18.1 6.2 27 22 0.390
mudstone layer (3),
Intensely weathered 2020 2.0-31.0 173 0.68 283 17.7 7.4 43 23 0.360
mudstone layer (3),
Moderately weathered ~ 2020 5.4-48.0 157 0.62 275 17.0 9.9 52 25 0.330

mudstone layer (3),

E ., is determined from oedometer tests over the stress increment range of 100 to 200 kPa (GB/T 50123-2019 (MOHURD and SAMR, 2019)).
K, is determined from laboratory K consolidation tests. The values are lower than those predicted by Jaky’s formula for normally consolidated
soils, reflecting the residual structural stiffness of the weathered rock mass

3.2 Data preprocessing
3.2.1 Data source

A total of 100 sets of parameter values, a sample
size comparable to recent shield tunneling ML studies
(31-137 samples) (Ye et al., 2023; Zhou Z et al.,

2023; Dong et al., 2025; Li et al., 2025), were sam-
pled from Ring 170 (at ZK17+321.735 on 2022/1/3)
to Ring 665 (at ZK16+579.235 on 2022/5/01), with a
interval of five rings, situated below the Feiyue Road
Tunnel. The overall structural integrity of the tunnel in
this interval reduces the deformation induced by shield



tunneling, and the impact of adjacent rings is more
significant and cannot be disregarded. Consequently,
this presents challenges for conventional ML model-
ing approaches.

3.2.2 Fusion of multisource heterogeneous data

Within the framework of Model 1, the influence
of a total of 17 variables on the ultimate settlement
was examined. The shield tunneling and settlement
data are represented in the spatiotemporal domain,
where each set of data corresponds to a specific time
and location. The geometric and geotechnical parame-
ters are represented in the spatial domain, where each
parameter record corresponds to a specific location
along the tunneling trajectory. The data fusion process
is depicted in Fig. S7 of the ESM.

Geometric and geotechnical parameters were de-
termined from the ground investigation report (GIR).
It should be pointed out that the geotechnical parame-
ters given in Table 1 are in the form of mean values.
The actual ground investigation locations are shown
in Fig. 4b, where separate tests were conducted at
each corresponding location to obtain the parameter
values. The root cause of surface settlement during
shield tunneling is attributed to the disturbance of the
surrounding soil matrix due to construction activities,
resulting in a redistribution of soil position and stress.
Specifically, the overburden soil above the shield tun-
nel, being in the direct impact zone of the construction,
experienced the most pronounced effects. Therefore,
the test results of different soil layers at each sam-
pling position were interpolated linearly and mapped
onto each shield ring position. The physical and me-
chanical parameters were weighted according to the
thickness of different soil layers and averaged, as
shown in Fig. S7 of the ESM.

The shield operation parameters were monitored
by the system in real time, removing data from the
shutdown phase using parametric multiplication meth-
ods (Zhang et al., 2022; Chen et al., 2023). Given the
noncontinuous nature of the construction process, spe-
cific data selection was refined to minimize the effects
of noise and outliers. The excavation chamber behind
the cutterhead is typically maintained at a level be-
tween half-full and full, and P was determined by av-
eraging the pressure at the excavation face. Parame-
ters such as S, and R. were determined by the average
of the corresponding ring positions.
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To synchronize the surface settlement data with
shield operation parameters, measurements were taken
along the longitudinal axis of the tunnel at the same
intervals of 7.5 m for 12 h, with an increased monitor-
ing frequency of 3 h near the shield excavation position.
The maximum surface settlement recorded within 10 d
after the completion of ring boring was used as S.
The pre-shield arrival surface settlements S, and Sy,
are the surface settlements at a location when the
shield arrives at that location and when the shield is
7.5 m before arriving at that location.

3.2.3 Data division and standardization

The first 80% of the datasets were used for the
training dataset, and the remaining 20% of the data
constituted the test dataset, which was used to vali-
date the accuracy and validity of the predictive model.
Table S1 of the ESM delineates the input and output
parameters within Model 1 along with their respective
value ranges.

The parameters of the samples encompassed dis-
parate units of measurement and exhibited substantially
different value ranges. Direct model training without
prior adjustment could result in a degradation of accu-
racy. To bolster the precision of the model’s predic-
tions and to hasten the convergence of algorithms, the
training data underwent min—max normalization, trans-
forming it to the interval of [0, 1].

4 Results and discussion
4.1 Settlement prediction and comparative analysis

In the conceptualization of Model 1, as a succes-
sor to traditional empirical or numerical models, pre-
diction accuracy was prioritized. While increasing hid-
den layers can capture complex patterns, 1-3 layers
balance complexity and performance (Shen et al., 2021).
As shown in Fig. S8 of the ESM, a two-layer Bi-LSTM
architecture was adopted. The first Bi-LSTM layer
(L1) processed sequential features bidirectionally, cap-
turing short-term dependencies. An SA layer followed
L1, projecting its output into s subspaces (heads) to
compute contextual weights. A dropout layer regular-
ized the attention output to prevent overfitting. The
second Bi-LSTM layer (L2) integrated attention-
weighted features, enhancing long-term dependency
capture through bidirectional recurrence. The optimizer
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was configured to adaptive moment estimation, with
the training process set to complete after 500 epochs.
To mitigate instability during the training process, the
learning rate was modulated using a piecewise sched-
ule strategy, commencing with an initial learning rate
() of 0.001 (dimensionless), with the learning rate re-
duced by a drop factor of 0.15 after 400 epochs. The
grid search method (GSM) was used to determine var-
ious hyperparameters in the model, including the
stride sequence [1:1:5] (searched over 1 to 5 in a in-
crement of 1, the following text is similar), the num-
ber of hidden units (n,, and n,,) [10:10:500] in the Bi-
LSTM layer, the dropout rate (7,,) [0.10:0.05:0.60] in
the dropout layer, the number of heads [2:1:10], and
the number of key channels [1:1:10 times the number
of heads] in the SA layer. The five-fold time-series
cross-validation (5-TCV) method was utilized to deter-
mine the optimal architecture of the proposed models.
The comparative analysis involved four extensively
utilized models: SVR (Sun, 2022), RF (Zhang et al.,
2020c), Transformer, and Bi-LSTM (Zhou Z et al.,
2023). For these comparative models, the quantities of
input and output parameter units, as well as the num-
ber of training epochs, were consistent with those of
the MHSA-Bi-LSTM model. The remaining hyperpa-
rameters were optimally determined using the GSM.
The aforementioned modeling procedures were exe-
cuted in MATLAB software and Python (version 3.10),
and the specific hyperparameter settings determined
for the models are detailed in Table 2.

The models were trained based on their respec-
tive structural parameters, and the test set was em-
ployed to conduct predictive analyses for each model.
The predicted results and relative errors are depicted
in Fig. 5. All samples were predicted, and the predicted
results and evaluation indicators of each model were
obtained, as shown in Fig. S9 of the ESM.

—e—SVR
Transformer

—=— Measurement
7f ——RF

Bi-LSTM —e— MHSA-Bi-LSTM
~ 6}
=
E
4 5l
4} Settlement evolution Settlement evolution

of close position | of close position Il

2 4 6 8 10 12 14 16 18 20
Number of test data

(@)

Table 2 Optimum hyperparameters in ML models

Model Hyperparameter Value
MHSA-Bi-LSTM  Stride sequence 2
Number of key channels 20
Number of heads 4
n, 120
n,, 80
Ty 0.5
7 0.001
Batch size 20
Bi-LSTM Stride sequence 2
n, 200
., 160
T 0.3
7 0.001
Batch size 20
Transformer Stride sequence 1
Embed dim 31
Number of heads 1
Feedforward network dim 16
T 0.28
7 0.001
RF' Number of decision trees, n, 136
Minimum number of leaf 5
node samples, 7,
SVR’ Penalty parameter, C 1.414
Smoothing parameter of 0.707

kernel function, g

Models marked with “*’ are unable to capture the spatial features of
S due to structural limitations

Fig. 5 illustrates that over 90% of the relative er-
rors for the test set predictions from the five models
are contained within 20%. This signifies the capability
of ML techniques to discern the intrinsic correlations
between shield operation parameters, geotechnical pa-
rameters, and shield settlement, indicating that the se-
lection of input parameters is reasonably justified.

30

—e— SVR —— RF
Transformer Bi-LSTM
—e— MHSA-Bi-LSTM A A

N
o

Relative error (%)
=

2 4 6 8 10 12 14 16 18 20
Number of test data

(b)

Fig. 5 (a) Predicted results and (b) relative errors of the test set



Additionally, the input of S, gives the model a good
predictive performance. In contrast to the average rel-
ative errors of 8.21% for the SVR model, 7.02% for the
RF model, 8.00% for the Transformer model, and
7.54% for the Bi-LSTM model, the MHSA-Bi-LSTM
model has achieved a reduction to 5.22%, with the
prediction errors for 85% of the samples being con-
fined within 10%. However, in the other models, the
samples satisfying this criterion have not surpassed
80%. As depicted in Fig. 5a, the Transformer, Bi-
LSTM, and MHSA-Bi-LSTM models have almost per-
fectly captured the spatial correlation across two dis-
tinct intervals. The latter effectively focused on impor-
tant features, resulting in predicted results closer to the
actual measurements. Overall, the MHSA-Bi-LSTM
model exhibited superior performance in predictive ac-
curacy and error stability.

Fig. S9 of the ESM shows the predictive perfor-
mance of each model. The closer the scatter points are
to the diagonal, the more accurate the model’s predic-
tions. The SVR model, which constructs a hyperplane
or an approximation function in high-dimensional fea-
ture space for regression, tends to determine a cau-
tious predicted value to samples to account for uncer-
tainties, and thus trading off some level of precision.
The RF model is not able to capture spatial relation-
ships due to structural limitations and showed good
performance with the training set but not the best per-
formance with the test set. Although both the Trans-
former and Bi-LSTM models have the ability to cap-
ture long-term dependencies, the former performs un-
satisfactorily on the training and validation sets, while
the latter has a better overall performance. The MHSA-
Bi-LSTM model outperformed all the other models in
the test set for S; prediction, with mean absolute error
(MAE), root mean square error (RMSE), and coeffi-
cient of determination (R’) values of 0.283, 0.352, and
0.780, respectively. This superior performance is cred-
ited to its enhanced memory retention and attention
mechanisms, indicating that the model possesses opti-
mal predictive accuracy for forecasting the surface
settlement during shield tunneling operations.

Fig. 6 shows the standard Taylor diagram (Taylor,
2001) of the predicted results of all the models, where
the black dashed lines represent the Pearson correla-
tion coefficient (7), the blue dotted lines represent the
root mean squared difference (RMSD, which is con-
ceptually related but not identical to RMSE), the solid
lines represent the standard deviation, and the red dot

J Zhejiang Univ-Sci A 2026 27(7):676-695 | 685

0.00 0.10
20 0.20O

! 1
0.65
1.5
c 0.60
S
©
3
0.55
©
- 1.0
©
2 0.50
5 :
17
0.45
0.40
RMSE
0.475
0.75 F . 0.450
=
S
kS 0.425
>
3
o 0.50 0.400
o
©
=g
s 0.375
(2]
0.25
0.350
0.325
0.00

000 025 050 075 1.00
(b)

Fig. 6 Standard Taylor diagrams of the predicted results
of all the models: (a) training and validation sets; (b) test set

represents the observation point. The closer each
index value is to the observation point, the more accu-
rate the prediction results are. It is obvious that the
MHSA-Bi-LSTM model is closer to the observation
point compared to other models, which means it is
more competitive than the other models.

4.2 Sensitivity analysis of parameters affecting S

Sensitivity analysis methodologies are instrumen-
tal in determining the importance of input variables to
models or systems and are frequently applied to evalu-
ate the degree of output variation attributable to pa-
rameter uncertainties, significantly contributing to the
identification of parameter priorities and dimension
reduction (Liu and Ding, 2020). Despite the computa-
tional simplicity and speed of local sensitivity analy-
sis (LSA), its heavy reliance on nominal value posi-
tions and lack of insight into the true value locations
make it inappropriate for shield tunneling systems
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characterized by high levels of parameter uncertainty
(Cheng et al., 2016). GSA, on the other hand, cap-
tures the influence of the entire input parameter space
on the model outcomes, independent of the need to
predefine optimal positions and effectively circumvent
the constraints of LSA.

This research employs the Sobol” method (Sobol’,
2001; Liu and Ding, 2020) within GSA to examine
the extent to which various parameters affect S;. Sup-
pose the proxy model is Y=/ (X) and X=(X,, X, -,
X)', where X is the input variable vector, X, (i=1,
2, -+, f) is the ith input variable, and ¢ is the number
of input variables. The unconditional variance V (Y')
can be decomposed into partial variances accordingly,
where V, (i=1, 2, -+, f) and V,, =1, 2, ---, t=1; j=it],
i+2, ---, t) represent the variances of main-effect func-
tion components f; and interaction-effect function com-
ponents f;

» Tespectively.
rn = [ FO0X-£i=

Ll (1
EV"+ 214 z Vi-./' +.t V1.25---,n
i=1

i=1j=i+1

where Q is the integration domain defined over the
unit hypercube; f; is the constant mean value of the
function f(X); V,,.., is the partial variance attributable
to the high-order interaction of all ¢ input parameters.

Using these variations, first-order, second-order,
and total Sobol’ sensitivity indicators can be defined
according to the total variance:

v VB (Ix)]

v~ vn 9
o T V| B (Y1 X, xf)]’ o
TV(Y) V(Y)
oy, B (X))
Sy m T V(Y) - @

where S, is the main sensitivity index (MSI), indicat-
ing the degree of disturbance to the output when a sin-
gle input x, fluctuates; V, is the variance operator with
respect to the input variable x;; £, is the expectation
operator with respect to all input variables except x;;
S, ; is the second-order interaction effect index, indicat-
ing the degree of disturbance to the output caused by

the interaction between the two inputs x, and x; V. . is

the variance operator with respect to the input vari-
ables x; and x;; Ey., , is the expectation operator with

respect to all input variables except x, and x;; V_, is
the bias variance corresponding to the remaining in-
dicators except x,; ST is the total sensitivity index
(TSI), indicating the total degree of disturbance of the
output by all the effects caused by the fluctuation of
input indicator x, and can be interpreted as the sum
of the sensitivity indices of each order for that input
indicator.

Utilizing the MHSA-Bi-LSTM model constructed
as a surrogate model and based on the parameter vari-
able range, Latin hypercube sampling (LHS) (Dige and
Diwekar, 2018) is performed, followed by correlation
computations to determine the MSI and TSI for each
parameter across different sample magnitudes, as il-
lustrated in Fig. 7.

Overall, when the sampling magnitude exceeds
2", the ranking of sensitive input parameters by MSI
and TSI is stable. The primary and total effects of the
parameters exhibit no marked variations in their order,
suggesting that the interactive effects among inputs
have a limited impact on the surface settlement. As ev-
ident from the stable sensitivity index values in Figs. 7b
and 7d, the effects of Sy, S,s,s, and uncontrollable
geometric and geotechnical conditions have a certain
degree of influence on S, with their aggregate TSI
values summing to approximately 0.5. In the calcula-
tion results, the MSI and TSI of V, P, R., and T are
relatively large, indicating that these parameters have
a great influence on S,. Consequently, these parameter
indicators should be prioritized during the optimiza-
tion and control processes for Si.

4.3 Operation parameter adjustment based on the
integration mechanism

The workflow mechanism in Fig. 3 indicates that
the selection of Category A parameters is pivotal in
determining the extent of optimization, whereas pa-
rameters of Categories B and C delineate the interde-
pendencies among the operation parameters. To bal-
ance optimization effectiveness with practical applica-
tion scenarios, this study assessed the S5 optimization
capabilities with varying numbers of Category A pa-
rameters. At most, the top five most sensitive parame-
ters were selected for optimal search as Category A pa-
rameters, since at this point (Fig. 8a), the cumulative
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Fig. 7 Parameter sensitivity: (a) MSI of shield operation parameters; (b) MSI of geometric and geotechnical parameters;
(c) TSI of shield operation parameters; (d) TSI of geometric and geotechnical parameters
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Fig. 8 (a) TSI results of shield operation parameters and cumulative TSI; (b) optimization amount of S for the training

set under different numbers of Category A parameters

TSI results are over 0.90 and have absolute influence.  forecasted by the meta-model were adopted as the
The PSO method was employed as an optimization  fitness function for PSO. The position vector within
approach for Category A parameters. The S; outcomes  the PSO method was substituted with the Category
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A parameters that were targeted for optimization. The
goal of the algorithm was to determine a suitable posi-
tion vector, that is, the shield operation parameters,
which resulted in the minimization of the fitness value.
Within the PSO method, the iteration count was fixed
at 100, the swarm size was 50, the acceleration coeffi-
cients (C, and C,) were 1.5, and the inertia weight
(w) was 0.8. The range of parameter values was deter-
mined by the extremities of the monitored data. The
detailed procedures are outlined in Section S4 of the
ESM, and the S optimization amount (the difference
between the predicted output values of the unopti-
mized model and the optimized model) derived from
the training set is depicted in Fig. 8b.

Fig. 8b shows that most of the optimized results
are markedly lower than the unoptimized model
predictions, with minimal optimization effects ob-
served for Ring 425 and Ring 440. This suggests that
the geometric and geotechnical parameters are pre-
dominantly responsible for Sy at these points, while
the influence of the shield operation parameters is
comparatively minor. However, the optimization pla-
teaus when the number of Category A parameters ex-
ceeds four. Due to the waning global sensitivity of the
additional parameters and the persistent impact of geo-
metric and geotechnical parameters in the meta-model,
the optimization speed of the predicted S; value slows
down and gradually converges.

In the four-parameter optimization, the optimized
recommended values of V,, P, R., and T, for each
ring position are located at extreme values of 63.09 m’
(min), 1.5 bar (max), 1.5 r/min (min), and 1.4 MN-m
(min), respectively. This is not difficult to explain and
indicates that within the constrained range, there is a
strong monotonic relationship between these input
parameters and S;. Specifically, a decrease in Vi, R,
and T results in diminished disturbance to the excava-
tion face and the soil surrounding the shield, conse-
quently yielding relatively reduced surface settlement.
Conversely, an altitude in P creates a more densely
compacted zone ahead of the shield, where soil parti-
cles undergo compaction, enhancing the soil density
and reducing its compressibility. This reduction in com-
pressibility subsequently mitigates ground surface set-
tlement. These observations further substantiate the
alignment of the mapping relationship with reality.

As shown in Fig. 9, there are varying degrees of
correlation among the shield operation parameters,
where a r greater than 0.200 indicates a certain degree
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Fig. 9 Correlation matrix heatmap of shield operation
parameters

of correlation. Optimizing all the parameters com-
pletely destroys this intrinsic relationship, leading to
physically unrealistic combinations. The cells high-
lighted with orange borders denote the six pairwise r
values among the four Category A parameters (V.
P, R., and T,). All highlighted values exhibit low ab-
solute 7 values (|r|<0.2), confirming that these four
parameters are largely mutually independent. This
weak intercorrelation supports the selection of four
Category A parameters for direct optimization, as ad-
justing them simultaneously does not severely disrupt
the intrinsic relationships within the operation pa-
rameter system.

On the main diagonal of Fig. 9, frequency distri-
bution histograms are presented for each individual
parameter in place of the trivial self-correlation value
of 1.000. For instance, the detailed fitted distributions
of T, and V; are presented in Fig. S12 of the ESM,
where their implications for the interpretation of opti-
mization results are discussed.

Many interactions between parameters have been
discovered, such as ¥ being intricately linked to stra-
tum parameters (S,, Ry, and T,.) (Huang et al., 2022).
Similarly, P is closely associated with T, S,, T, R,
Ry, Ty, etc. (Lin et al., 2021). To attain more accurate
recommendations while conforming to practical con-
ditions on site, a hierarchical inversion method is



introduced. As shown in Fig. 3, the study primarily
employs inverse Model 2 to backtrack uncontrollable
Category B parameters (7, Ty, and V), using geo-
metric and geotechnical parameters, updated Cate-
gory A parameters, and settlements as inputs. Subse-
quently, artificially regulated parameters of Category
C (R and S,) are backtracked in Model 3 using all
the aforementioned parameters (updated). The vari-
able details for Models 2 and 3 are presented in Table
S2 of the ESM.

In the data distribution, it was found that some of
the operation parameters that need to be inverted have
limited monitoring accuracy. Models such as LSTM
and Transformer are based on back-propagation algo-
rithms, which may affect the state update in subse-
quent sequence steps and can lead to large deviations
in the predicted results (Rashid et al., 2018; Tsai and
Cho, 2021). Ensemble learning algorithms, such as
RF, exhibit good stability and robustness when data
anomalies occur (Hia et al., 2023) and are used for in-
version prediction of parameters of Categories B and
C. The SVR model, which also exhibits excellent ro-
bustness (Hou et al., 2020), is used for comparison.
GSM and 5-TCV are used as hyperparameter optimi-
zation methods.

Figs. S10 and S11 of the ESM show the predict-
ed and inversion results for shield operation parame-
ters using Models 2 and 3, respectively. The predic-
tion performance of the five parameters is generally
good. The distribution of some Category B parame-
ters is more concentrated due to the limitation of mon-
itoring accuracy, which will inevitably be affected in
the inversion prediction. The adjustment steps set by
the staff for the Category C parameters are large, and
the positions of many points are fixed, which leads to
some deviations in the predicted results. The SVR
model is more susceptible to monitoring accuracy, re-
sulting in increased errors, while the RF model has su-
perior predictive performance, with average reductions
of 27.46% and 27.03% in MAE and RMSE in the test
set, respectively. It is obvious that the MAE and RMSE
values of the T, and S, are much higher than those of
the remaining three parameters because the order of
magnitude and the range of 7. and S, are larger than
those of the other shield operation parameters.

In practical engineering applications, the primary
concern is reasonable control, followed by avoiding
frequent adjustments, which indicates that the inver-
sion of operating parameters requires higher precision.
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Fig. S10 of the ESM shows that the range of variation
in the controllable parameter inversion results of
the SVR model is very small, which is abnormal in
practice. For example, take the R,—S, (Fig. 9), which
exhibits the most significant linear relationship (r=
0.770), as an example and perform a Fisher’s Z test.
As shown in Fig. 10, when using the RF and SVR
models, the Z values for the correlation coefficients
between the inversion results and the initial values
are —1.427 and 1.029 (<1.96), with p values of 0.153
and 0.303 (>0.05), respectively, indicating that the
differences in correlation coefficients are not signifi-
cant. The slope difference of the RF model is 0.667,
the #-statistic is 1.723 (<1.96), and the p value is 0.087
(>0.05), indicating no significant difference in the
linear relationship between the data before and after
inversion. However, the slope difference of the SVR
model is =2.677, the t-statistic is —9.120 (<-1.96),
and the p value is extremely small (2.22x107"), indi-
cating a highly significant difference. In contrast, the
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Fig. 10 Scattered distribution of R, —S,: (a) RF; (b) SVR



690 | JZhejiang Univ-SciA 2026 27(7):676-695

RF model performs exceptionally well, which is more
appropriate for consideration.

4.4 Mechanism verification and qualification

To evaluate the reliability and feasibility of the re-
search framework for shield parameter self-adaptation,
the updated parameters, following the completion of
all optimization procedures, are introduced in place of
the initial operation parameters into the settlement
prediction meta-model. Given that the precision of
Model 1 has been confirmed in prior sections, it is jus-
tifiable to regard the new predictive outcomes as reli-
able. By adjusting the parameters of the test set using
the proposed method, the optimized S obtained are
shown in Fig. 11.
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The results in Fig. 11 show that the optimized S
was reduced for all ring positions in the test set. The
predicted S of the adaptive adjustment strategy was
reduced by an average of 2.41 mm (47.55%). A com-
parison with the actual measurements shows that, with
a few exceptions, the S; was significantly reduced by
an average of 2.59 mm (49.28%). In conclusion, the
integration mechanism of optimization and inversion
shows a strong ability to control settlement.

In subsequent shield construction, the adaptive
adjustment strategy proposed in this study (applied to
Rings 815-910) contrasts sharply with the full optimi-
zation strategy proposed by Hou et al. (2020) (applied
to Rings 715-810), mainly using the minimum S, as
the objective function and directly searching all shield
operation parameters through an optimization algo-
rithm. As shown in Fig. 12, the full optimization strat-
egy performs global optimization of all the operation
parameters without distinguishing between the con-
trollability and sensitivity differences of parameters,
leading to adjustments of uncontrollable parameters
(such as T,, V,, and T.) deviating from actual engi-
neering constraints. In contrast, the adaptive mech-
anism considers the synergistic values of all the shield
operation parameters under all geometric and ground
conditions, with adjustments to uncontrollable param-
eters better aligning with actual engineering con-
straints. Notably, there is a certain discrepancy be-
tween the recommended results (minimum values) for
T. and V; and the actual results. This is because the

Full optimization strategy (
(Hou et al., 2020; Sun, 2022)

69 Rings 715-810 ‘
@ Adaptive adjustment strategy (
68 @ Rings 815-910 ‘

Fig. 12 Distributions of the uncontrollable parameters of Rings 715-910 in full optimization strategy and adaptive
adjustment strategy: (a) 7.—V T, parameter space; (b) V,—P—T,. parameter space



minimum values for these two operation parameters
are prominent in the initial data distribution (Fig. S12
of the ESM) and may be generated under special
ground conditions. However, the test section may lack
the necessary conditions to achieve extreme values,
and the parameter variations in Categories B and C of
the adaptive adjustment strategy further constrain the
actual results for 7. and V. Thus, while unable to
reach the theoretical minimum values, they remain
very close to them.

Based on the actual monitored data, the results
of the uncontrollable parameters in the full optimiza-
tion strategy exhibit an average deviation of +£34.27%
from the theoretical target values. The coupling ef-
fects with the ground conditions are ignored, leading
to an imbalance in the matching of parameters such as
P, and T,. In contrast, the average fluctuation in the re-
sults of uncontrollable parameters in the adaptive mech-
anism is only £13.95%, and their trend of change ex-
hibits significant synergy with the optimization direc-
tion of controllable parameters: when P; is optimized
to 1.4—1.5 bar, T, automatically matches 8—10 MN (an
improvement of 37.90% over 6.5 MN by the method
proposed by Hou et al. (2020)), which aligns with the
coupling effects in the geotechnical parameters and
conforms to the mechanical force transmission princi-
ples of an EPB shield.

Fig. 13 shows the predicted and measured S; in
the two execution strategies of Rings 715-910. In the
full optimization strategy, the predicted S, is smaller,
but the actual average increase in S; is 1.47 mm. This
is primarily because the interaction relationship con-
straints cause changes in the uncontrollable parameters,
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Fig. 13 S results for Rings 715-910. AVE is the average
value
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thereby leading to significant control errors. In contrast,
the adaptive adjustment strategy achieves smaller pre-
dicted settlement errors through collaborative parame-
ter values, with an average increase in S, of 0.32 mm.
The average measurement values of the two strategies
were 4.72 and 3.81 mm, representing improvements
of 23.25% and 38.05% compared to the baseline av-
erage S; of 6.15 mm (Rings 170-665 without optimi-
zation), respectively. The latter strategy demonstrated
significantly superior pre-control effects on surface
settlement caused by shield tunneling compared to the
former strategy.

The study used a novel automation to reduce the
effects of interactions between shield operation pa-
rameters and to pre-control S;. We believe that the
methodology proposed in this study will provide a
versatile scientific solution for the control of surface
settlement caused by shield tunneling and the refine-
ment of operational parameters. The training dataset
of the S prediction model was primarily based on
weathered mudstone and silty clay profiles. The mis-
cellaneous fill layer encountered at the subsequent po-
sitions of the tunnel exhibits mechanical properties that
slightly deviate from the training distribution. Conse-
quently, while the model captures the general behav-
ioral trends in such zones, the quantitative accuracy
may be lower compared to well-represented layers. In
future studies, we aim to expand the training dataset
to include a wider variety of anthropogenic fill layers
and incorporate micromechanical indicators to enhance
the model’s robustness when encountering ground con-
ditions whose mechanical properties fall outside the
range represented in the training dataset.

5 Conclusions

Considering the controllability of parameters and
their interactive synergies in practical shield engineer-
ing contexts, this research introduces an adjusting ap-
proach for shield operation parameters that integrates
optimization and inversion. Initially, a meta-model
(MHSA-Bi-LSTM) considering pre-shield arrival sur-
face settlement is established for the real-time predic-
tion of S;. The parameters that are dominant regarding
predicting S; and the parameters that S, is most sensi-
tive to are searched using the PSO method, while the
parameters that S is less sensitive to are predicted
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through inverse models, constructing a hybrid optimi-
zation mechanism by combining both. Implementing
this method in practical construction facilitates the self-
adaptation of the EPB shield operation and pre-control
over shield tunneling-induced surface settlement. The
primary conclusions are summarized as follows:

(1) During the development of Model 1 utilizing
diverse methodologies, the settlement predictions made
by the MHSA-Bi-LSTM model demonstrated a high
degree of concordance with the empirically measured
settlements, with an MAE of 0.283, RMSE of 0.352,
and R’ of 0.780. The superior predictive performance
of the MHSA-Bi-LSTM model compared to the Bi-
LSTM, Transformer, RF, and SVR models (Fig. S9 of
the ESM) is credited to its enhanced memory reten-
tion and MHSA mechanisms, which effectively capture
spatiotemporal dependencies in shield tunneling data.

(2) GSA, utilizing the Sobol” method, has demon-
strated that within the nine shield operation parame-
ters under consideration, a significant correlation ex-
ists between the surface settlement, V,, and P, as well
as the cutterhead parameters, including R. and 7.,
which is consistent with the theoretical study. Optimi-
zation of Category A parameters identified that within
a certain range, a decrease in V,, R., and T, along
with an increase in P, can have a reducing effect on
the surface settlement.

(3) Addressing scenarios with limited monitoring
accuracy, the RF model was adapted to construct an
inverse prediction model (Models 2 and 3) for param-
eters of Categories B and C. The results obtained using
the RF model are more accurate than the results ob-
tained using the SVR model, and the MAE and RMSE
of the test set were reduced by 27.46% and 27.03%
on average, respectively.

(4) During the validation of the effectiveness of
the adaptive method, the predicted values of S, for the
test set were reduced to a certain extent, with an aver-
age reduction of 2.41 mm (47.55%) and an average
reduction of 2.59 mm (49.28%) compared to the mea-
sured values.

(5) The adaptive adjustment strategy demonstrated
significant advantages in regulating the uncontrollable
parameters compared with the full optimization strategy.
The full optimization strategy caused an average devi-
ation of £34.27% in uncontrollable parameters from
theoretical targets, ignoring the coupling effects with
the ground conditions and leading to imbalances in pa-
rameter matching. In contrast, the adaptive adjustment

strategy restricted the average fluctuation of the un-
controllable parameters to +£13.95%, and the trend of
parameter changes showed significant synergy with the
optimization direction of controllable parameters.

(6) On-site verification showed that in the full
optimization strategy, changes in uncontrollable pa-
rameters under interaction constraints led to signifi-
cant control error. In contrast, the adaptive strategy
mechanism achieved smaller prediction errors through
collaborative parameters, with an average increase of
only 0.32 mm in S,. Compared with the baseline aver-
age S, of 6.15 mm (Rings 170-665 without optimiza-
tion), the average S, values of the full optimization
strategy and the adaptive adjustment strategy are 4.72
and 3.81 mm, representing improvements of 23.25%
and 38.05%, respectively. This indicated that the adap-
tive mechanism has significantly superior pre-control
effects on shield tunneling-induced surface settlement.

It should be emphasized that the factors exam-
ined in the study are among the most frequently en-
countered and are universally adaptable. However, the
study did not touch upon specific factors required in
special ground conditions (e.g., the need to consider
the location and size of karst caves or the implementa-
tion of special support and reinforcement measures in
soft ground), which are aspects that need to be investi-
gated in the future.
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