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Abstract

Adequate control of shield machine parameters to ensure the safety and efficiency of shield construction is a difficult and complex
problem. To address this problem, this paper proposes a hybrid intelligent optimization framework that combines interpretable machine
learning, intelligent optimization algorithms, and multi-objective optimization and decision-making methods. The nonlinear relationship
between the input parameters and ground settlement (GS) is fitted based on the light gradient boosting machine (LGBM), and the effect
of the input parameters on GS is analysed based on SHapley additive exPlanation for further feature selection. Subsequently, the hyper-
parameters of LGBM were determined based on the sparrow search algorithm (SSA) to better fit the input—output relationship. On this
basis, a multi-objective intelligent optimization model is established to solve the optimized operating parameters of shield machine by
non-dominated sorting genetic algorithm II and technique for order preference by similarity to ideal solution to reduce GS and improve
drilling efficiency. The results demonstrate that the SSA-LGBM model predicts GS with high accuracy, exhibiting an RMSE of 4.775, a
VAF of 0.930 and an R? of 0.931. These metrics collectively reflect the model’s excellent performance in prediction accuracy, ability to
explain data variability, and control of prediction bias. The multi-objective optimization model is effective in optimizing two objectives,
and the improvement can reach up to 39.38%; at the same time, the model has high scalability and can also be applied to three or more
objectives. The intelligent optimization framework for shield construction parameters proposed in this paper can generate the optimal
parameter combinations for shield machine manipulation, and provide reference and guidance when there are conflicting optimization
objectives.

Keywords: Shield tunnelling machine; Interpretable machine learning; Hyperparameter optimization; Multi-objective optimization; Field penetration
index; Ground settlement

1 Introduction

To meet the development needs of underground rail
transportation, shield machines are widely used in under-
ground tunnel construction with its advantages of safety,
reliability and high degree of automation (Chen et al.,
2025b). However, the complexity of the underground situ-
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ation is unknown, and improper tunneling construction
may lead to inefficient excavation and safety accidents.
The operating parameters of shield machine significantly
affect the shield machine tunneling performance during
the construction process (Xu et al., 2021). The complexity
of adjusting the operating parameters arises not only from
the need to address the diversity and unpredictability of
geological layers but also from the necessity to precisely
control the machine to adapt to these variations, ensuring
safety and efficiency in construction. For instance, when
traversing hard rock layers, it becomes necessary to
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increase the cutter head torque to maintain cutting effi-
ciency. The anticipated outputs include enhanced control
of ground settlement during construction and improved
tunneling efficiency. These outcomes are intimately linked
to input parameters such as advance speed and grout pres-
sure, with adjustments to these parameters dynamically
optimizing the machine’s performance. Traditionally, the
trade-offs between different tunneling objectives are usually
achieved by relying on the experience of experts to deter-
mine the shield machine operating parameters. However,
with the explosive growth in demand for underground rail
transportation in recent years and the need to face complex
and changing geological conditions, this method highlights
the limitations of time-consuming and labor-intensive,
which can easily lead to construction delays and safety
issues (Wu et al., 2022). To solve these problems to achieve
shield machine operation optimization, an intelligent
multi-objective optimization (MOQO) decision support
model needs to be designed to determine the shield machine
operation parameters that can trade-off construction effi-
ciency and stability.

Constructing the MOO decision support model requires
solving two key problems, i.e., constructing nonlinear map-
pings between the decision variables and the optimization
objectives, and solving MOO to obtain the solution set that
can trade-off the objectives. Firstly, the model must find the
non-linear relationship between shield machine operation
parameters and tunneling objectives. Machine learning pre-
dictive models have been widely used in the last ten years
due to their adaptability, flexibility, and better generaliza-
tion capabilities. Yu et al. (2022) employed support vector
regression to model the soil pressure balance advance rate
(AR) and rotational torque of the cutter, and developed an
optimal control framework for maximizing AR. Avunduk
et al. (2014) applied artificial neural network and predicted
the cutting rate of shield machine. Light gradient boosting
machine (LGBM) is an ensemble learning method pro-
posed under the boosting-based framework, which pre-
vents the overfitting of the predictive model and
overcomes the influence of high-dimensional data (Ke
et al., 2017). LGBM has been widely applied in the field
of underground engineering. Feng et al. (2024) used
LGBM to predict deformations in existing tunnels below
shield tunneling areas and compared it with several other
machine learning models. The results indicated that the
LGBM algorithm is more efficient, uses less memory, and
is more accurate. Based on these advantages, this study will
construct a complex nonlinear mapping between shield
machine operating parameters and optimization objectives
using LGBM.

Additionally, in machine learning predictive models,
hyperparameters have a substantial influence on the perfor-
mance, and the selection and optimization of hyperparam-
eters are crucial for enhancing performance. The
combination of swarm intelligence optimization algorithms
and machine learning algorithms is gaining increasing

attention as a means of improving the accuracy of the pre-
dictions. For example, Elbaz et al. (2023) employed particle
swarm optimization to fine-tune the biases and weights of
an extreme learning machine to predict the thrust and cut-
ter torque of a shield machine. Swarm intelligence algo-
rithms, such as particle swarm optimization, ant colony
optimization, and sparrow search algorithm (SSA), exhibit
unique advantages in handling complex optimization prob-
lems. These algorithms can effectively explore the global
search space, avoid local optima, and enhance solution
diversity (Tang et al., 2021). Swarm intelligence algorithms
offer high flexibility and adaptability in parameter tuning,
allowing them to adjust strategies according to different
problems and adapt to various complex optimization sce-
narios. SSA, introduced by Xue and Shen (2020), is
inspired by the foraging and anti-predatory behaviors of
sparrow populations. This algorithm has been widely
applied in optimizing hyperparameters for machine learn-
ing models. Lu et al. (2023) used an SSA-optimized
machine learning model to predict ground settlement
caused by shield machine and compared SSA with several
other optimization algorithms. The results demonstrated
that SSA has advantages in terms of accuracy, efficiency,
and stability compared to other algorithms. Therefore, in
this study, SSA was chosen to optimize the hyperparame-
ters of LGBM to construct the SSA-LGBM predictive
model with higher accuracy.

Although machine learning can address regression and
classification problems effectively, most of the existing
research concentrates only on improving the performance
of the model, ignoring the inner workings (Dwivedi et al.,
2023). In practice, high-precision models alone are not suf-
ficient to build enough trust in real-world applications.
SHapley additive exPlanation (SHAP) is a model-
independent method for interpreting the response between
any machine learning input and output (Zyl et al., 2024).
SHAP can be used together with machine learning models
to form wrappers in feature selection, identifying features
that have a large impact on the predicted target (Chen
et al., 2021). Retrain the machine learning models based
on the filtered features to avoid dimensional catastrophe
to improve model accuracy and reduce computational
complexity (Liu et al., 2023). In this study, the feature attri-
bution analysis of shield machine tunneling optimization
objective will be based on SHAP, and the input parameters
will be selected based on SHAP values.

The second key issue of the constructed MOO decision
support model is how to effectively find the shield machine
setting value. MOO algorithms provide compromise solu-
tions between conflicting objectives, i.e., Pareto optimal
solution sets. Multi-objective evolutionary algorithms
(MOEA) emulate the process of natural selection and bio-
logical genetic evolution to provide better and better solu-
tions to optimization problems by exploiting an evolving
population of solutions (Jiang et al., 2022). Among
MOEA, non-dominated sorting genetic algorithm II
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(NSGA-II) is widely used due to its low computational
cost, extensive solution set and fast convergence speed.
Therefore, NSGA-II is chosen to solve the multi-
objective optimization problem of shield machine.

This study proposes a novel MOO decision support
framework, consisting of interpretable machine learning,
intelligent optimization algorithm, and multi-objective
optimization algorithm. The framework can accurately
and quickly predict the tunneling performance, which fur-
ther provides the operator with decision-making sugges-
tions to achieve efficient and stable operation of shield
machine. The primary contributions of this study are as
follows: (1) employing interpretable machine learning
methods to analyze the impact of various features on opti-
mization objectives and implementing feature selection
based on the analysis results; (2) determining the hyperpa-
rameters of LGBM based on SSA to provide the optimal
predictive model adapted to the scenario; (3) constructing
a multi-objective optimization framework for the shield
machine excavation process, determining parameters that
can achieve stable and efficient operation of shield machine
based on NSGA-II and technique for order preference by
similarity to ideal solution (TOPSIS).

The subsequent sections of the paper are organized as
follows. Section 2 describes the research framework of this
paper and its components, Section 3 presents a case study
of a metro project in East China, Section 4 evaluates the
impact of the number of optimization parameters on the

results and extends the proposed optimization framework,
and Section 5 concludes the paper.

2 Methodology

The aim of this study is to provide a MOO framework
for shield machine excavation performance, as shown in
Fig. 1, which has three main steps: firstly, determining
the input features based on interpretable machine learning;
secondly, constructing the predictive model of shield
machine optimization objective based on machine learning
of optimization parameters; finally, solving the MOO
problem based on multi-objective optimization algorithm
and multi-criteria decision-making method.

Step 1. First, a number of features that may have a sig-
nificant impact on shield machine tunneling performance
are pre-determined based on existing research and litera-
ture. Then, analyze the influence of input features on the
optimization objective based on LGBM and SHAP.
Finally, determine the best input features for the predictive
model.

Step 2. Construct the predictive model for GS, with the
parameters selected in Step 1 as its input parameters, and
optimize the hyperparameters of LGBM based on SSA to
avoid the adverse effects of artificial parameter tuning.

Step 3. Solve the constructed MOO model based on
NSGA-II in order to obtain the non-dominated Pareto
front. Since each Pareto front solution is acceptable, the
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Fig. 1. Multi-objective optimization framework for shield machine boring performance.
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study will determine the final optimization scheme based
on TOPSIS to improve the tunneling performance.

2.1 Shield machine tunneling performance prediction

2.1.1 Light gradient boosting machine

The LGBM is an integrated strong learner model based
on the distributed gradient boosting decision tree (Mishra
et al., 2023). LGBM utilizes a histogram algorithm to
transform the iteration over samples into an iteration over
histograms, thereby reducing the overall time complexity.
Furthermore, the one-sided gradient algorithm is imple-
mented to filter out samples with negligible gradients dur-
ing the training process and a growth strategy employing
the leaf-wise algorithm is implemented for constructing
the tree, minimizing superfluous computations signifi-
cantly. The algorithm leverages optimized feature paral-
lelism and data parallelism to enhance computational
efficiency. Additionally, in situations involving a substan-
tial volume of data, a voting parallelism strategy can be
employed to further expedite the processing. Algorithm is
also optimized for caching, increasing cache hit rate. Mean-
while, LGBM uses the histogram algorithm to transform
feature values into bin values without recording feature-
to-sample indexes, which greatly reduces space complexity
and greatly reduces memory consumption. The incorpora-
tion of a feature bundling algorithm that operates on
mutually exclusive features during the training phase serves
to diminish the quantity of features, thereby mitigating
memory consumption. LGBM is applied to the regression
problem with its advantages of speed, low internal con-
sumption, and high accuracy, so the authors propose
LGBM as the basic model for predicting GS.

Firstly, the LGBM model objective function is defined.

ob = > L(v3") + D, Q). (1)

where n denotes the number of samples, y; denotes the
actual value, ¢ denotes the number of iterations of the

model, ?l@ denotes the predicted value at the #-th iteration,
L(yi&ft)) is the loss between the predicted value and the

actual value, f, denotes the k-th tree and Q(f,) denotes
its regularization term.

Before splitting a node, histograms for each feature of
the node are constructed. Then, using these histograms,
the gain obtained by splitting each feature across different
value ranges is calculated. Finally, the split point with the
highest gain among all candidate leaf nodes is selected as
the optimal split point. The split variance gain formula
for leaf node j is as follows:

1| G G?
Gain == L R
A= "+

_ (GL+Gr) |
Hy +7 Hy+Hg + 2

2 (2)

where G and Gg represent the sum of gradients for the left
and right child nodes, respectively; Hy and Hy denote the

sum of second-order gradients for the left and right child
nodes, respectively; /4 is the regularization coefficient, and
y is the complexity penalty term for node splitting.

After determining the leaf node splitting method,
LGBM grows the tree using the leaf-wise strategy. Deter-
mine the leaf node prediction value, minimize the objective
function, and obtain the fraction w; of leaf nodes j for each
tree.

G;
YT T
J

(3)

where G, represents the sum of gradients for all samples on
leaf node j, and H; denotes the sum of second-order gradi-
ents for all samples on leaf node j, bringing in the objective
function.

1 & -
O == ] T 4
obj 2§:fh+i+y’ 4)

where T is the total number of leaf nodes in the current
tree.

Equation (4) represents the quality score function of the
tree structure, which is used to evaluate the goodness of the

tree structure. The smaller the obj"”, the better the struc-
tural quality of the tree, then the better the predicted value
of the model leaf nodes. Multiple trees are repeatedly built
and added to the original model at each generated tree to
complete ¢ iterations to generate ¢ trees, and finally the final

prediction of the model 3\" is computed.

In the LGBM model, the hyperparameter learning_rate
and the number of leaf nodes num_leaves have a large
impact on the prediction results. In general, the smaller
the learning rate, the better the final performance of the
model, but too small learning rate often leads to overfitting
of the model and affects the model training time. The num-
ber of leaf nodes in a decision tree controls the complexity
of the tree model. When the leaf count is consistent, over-
fitting tends to occur more frequently, as trees employing a
leaf-wise growth strategy tend to be considerably deeper
compared to those employing a breadth-first leaf-wise
growth strategy and the nodes are set to match the maxi-
mum depth of the tree, usually with several leaves less than
2 x max_depth—1. Adjusting these two important hyperpa-
rameters of the model through the optimization process
will help to improve the predictive performance of the
model, which will be discussed later.

2.1.2 Sparrow search algorithm

The SSA is a meta-heuristic optimization algorithm
inspired by the foraging behavior of sparrow populations.
It finds the optimal solution through information exchange
and cooperation between individuals. Compared to tradi-
tional hyperparametric algorithms such as lattice search,
genetic algorithms, stochastic search, and Bayesian opti-
mization, SSA is not only easier to implement and does
not require much parameter tuning and specific coding
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methods. SSA has better accuracy, convergence speed, sta-
bility, and robustness.

In the simulation experiment, virtual sparrows are
employed for food discovery. Let m denotes the number
of sparrows, and the formulation can be represented by
Eq. (5).

12 d
Xl xl ... Xl
12 d
X X ... x
2 M 2
X = : ()
1 2 d
xm xm e xm

where m denotes the count of sparrows and d denotes the
dimension of the variable under optimization. X is the posi-
tion matrix of the sparrow population. x/ denotes the posi-
tion of the i-th sparrow in the j-th dimension. The fitness
values of all sparrows can be mathematically described
by Eq. (6):

X o)

M= g o A
Fi= : (6)

A 2 e ])

The SSA priorities the optimal individual within the
group to obtain food during the search process. As the
explorer, it can obtain a larger search area for food than
the followers. During each iteration, explorer’s position is
updated according to Eq. (7).

X, exp (m) if R, < ST

Xt =
i.j . .
X, +Q-L if Ry>ST

(7)

where X' f ; the position of the i-th sparrow in the j-th dimen-
sion during the -th iteration and iter,,, is the maximum
iteration number; o is a random number within (0, 1); R,
(R, € [0, 1]), ST (ST € [0.5, 1.0]) represent the warning
and safety thresholds, respectively; Q is a random number
following a normal distribution; L is a 1 X d matrix, with
each element set to be 1.

If R, < ST, this implies the absence of indigenous preda-
tors, allowing the explorer to conduct a comprehensive glo-
bal search. If R, > ST, it indicates that certain sparrows
have detected the presence of the predator, necessitating
a collective response from all sparrows to undertake appro-
priate actions. During the foraging process, some followers
will always be watching the explorer. As soon as the
explorer finds better food, individuals may choose to resign
from their current positions in order to participate in the
competition for food resources. If they win the competi-
tion, they can take the food immediately. The follower’s
position is updated as in Eq. (8):

Xr t

worst i e
Q-exp(f) if i >%

X =
1Y) i
X4 ‘ P Xijl‘ A" - L otherwise

;o (8

where Xp is the position of the optimal explorer and Xy
represents the current globally most unfavorable state. A4 is
a 1 x d matrix with each element having a random ampli-
tude of 1 or —1. A" is defined as follows:

A" = AT (447) " 9)

If i > m/2, this implies that the follower with a lower fit-
ness value is in a suboptimal state and should relocate to
search for food elsewhere. The algorithm proposed in the
original paper presupposes that a fraction ranging from
10% to 20% of the individuals within the population
(20% is set in this study) possess awareness of the associ-
ated risks. The initial positions of these informed individu-
als are randomly distributed throughout the population.

t _yt
‘Xworsl Xi,/'|

Xltaest+ﬂ. ‘Xﬁ,j_X[ iffi>fg

best

where Xy represents the current globally optimal posi-
tion; f serves as a step control factor and is characterized
by a randomly generated number conforming to a standard
normal distribution, characterized by a mean of 0 and a
variance of 1; K is a stochastic variable chosen from the
range [-1,1]; Meanwhile, f denotes the fitness value, f; is
the fitness value of the i-th sparrow, with f, and f'; repre-
senting the present optimal and worst fitness values, respec-
tively. Additionally, ¢ is a constant introduced to prevent
division by zero in the denominator.

1 _
X = (10)

2.1.3 Proposed predictive models

For the LGBM hyperparameter learning rate learn-
ing_rate and the number of leaf nodes num_leaves selec-
tion, SSA and LGBM are combined to build an SSA-
LGBM hybrid predictive model. In sparrow optimizer,
the position of the sparrow is a set of hyperparameters
learning_rate and num_leaves used to train LGBM model.
These parameters are randomly generated. The fitness
value of the sparrow is then set to the prediction error
assessed through the loss function. When the sparrow opti-
mizer stops iterating, the best hyperparameters correspond-
ing to the best loss function values are obtained. The
obtained optimal hyperparameters are used to train the
LGBM, and then the SSA-LGBM model is used to predict
the shield performance during the multi-objective opti-
mization process.

2.1.4 Model evaluation metrics

The performance of the SSA-LGBM model is evaluated
by analyzing prediction errors using metrics such as root
mean squared error (RMSE), coefficient of determination
(R?) and variance accounted for (VAF). These indicators
collectively assess the model’s accuracy, fit quality, and
overall effectiveness in capturing the variance of the data.
The formulas are as follows:
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1 ng 0
RMSE — \/nsz,.l(y,- —5) (11)

R2: 1_27;10/1_5\11)22’ (12)
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_ Var(y — )
VAF =1- {W} (13)

where ny denotes the number of samples, y;, denotes the

actual value, y, denotes the predicted value, y denotes the
average of the actual values, and Var denotes the variance.

2.2 Interpretable methods

SHAP is an opensource tool and methodology for inter-
preting machine learning model predictions (Nazar et al.,
2023). It’s based on the Shapley value theory of coopera-
tive game theory, which was first used to solve the problem
of allocating participants’ contributions to an event in a
cooperative game (Flor et al., 2023).

The interpretation function of the SHAP method is rep-
resented as follow:

S =g =go+ > i, (14)

where g denotes the interpretation function, N denotes the
number of input features, and z = {0,1}" indicates
whether each feature can be observed. ¢, denotes the Shap-
ley value of the virtual model without features, ¢, denotes
the Shapley value of the i-th feature, and z;/ is the observa-
tion state of the i-th feature. The Shapley value of each fea-
ture contribution is calculated by the following equation:

b= Xy S U )~ S S]]

(15)
where x; denotes the i-th feature, S denotes the subset of all

features excluding feature x;, |S| is the number of non-zero
elements in S, and the set of all features in the F model.

2.3 Multi-objective optimization

2.3.1 NSGA-II algorithm

When several objectives are to be optimized, there may
be a contradiction between them.

When optimizing multiple objectives simultancously,
achieving an optimal solution for all objectives is typically
unattainable. In such cases, any solution that does not
degrade other objectives while improving at least one is ter-
med a non-inferior or Pareto optimal solution. The collec-
tion of all such solutions forms a set known as the Pareto
front. The primary aim of multi-objective optimization
algorithms is to identify this set of Pareto optimal solu-
tions. The NSGA-II was obtained by Deb and Srinivas
by optimizing the basic framework of NSGA (Deb et al.,
2002). Compared to the first generation algorithm, its

advantages are as follows. First, utilizing the fast non-
dominated sorting algorithm significantly reduces the com-
putational complexity in comparison to its predecessor, the
first-generation algorithm. In the previous generation, it is
necessary to specify the sharing radius. In this version, the
crowding distance and its comparison operator serve as
alternatives, acting as the selection criteria in pairwise com-
parisons after fast sorting. This approach not only ensures
that individuals within the near-Pareto domain are evenly
distributed across the entire Pareto front but also preserves
population diversity. At the same time, it adopts the elite
strategy, enlarges the sampling space to avoid losing the
best individuals, improves the computational speed of the
algorithm, and enhances the robustness of the algorithm.
The solution on the Pareto front generated by the algo-
rithm can be considered as the optimal solution of the
objective problem as shown in Fig. 2.

2.3.2 Multi-criteria decision making

The Pareto frontier showcases solutions that, in princi-
ple, bear equal priority and lack dominance over one
another. Nevertheless, in practical applications, the selec-
tion of the ultimate optimal solution becomes imperative
from the pool of Pareto optimal solutions. This is where
multi-criteria decision making comes in.

TOPSIS is a method for multi-attribute decision analysis
that was initially introduced by Hwang and Yoon for eval-
uating and ranking candidate solutions (Hwang et al.,
1993). As a well-known classical multi-criteria decision-
making method, TOPSIS has received a lot of attention
from researchers and practitioners and has been widely
used in various fields. It is based on the concepts of ideal
and negative ideal solutions and determines the best solu-
tion by calculating the similarity between the candidate
solution and these two solutions. Similarity is assessed by
calculating the relative closeness index of each candidate
solution. The larger the value of relative closeness index,
the closer the candidate solution is to the ideal solution,
and the better it is. TOPSIS integrates the weights and rel-
ative importance of multiple attributes, allowing a more
comprehensive evaluation of candidate solutions. By using
ideal and negative ideal solutions, it can overcome the lim-
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Fig. 2. Pareto front for two objective functions.
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itations of a single reference point and make the evaluation
more objective.

3 Case study
3.1 Data source

To verify the practicality of the proposed multi-objective
optimization framework, this study uses data from a shield
tunneling project in East China. The project is 2.26 km
long, the outer diameter of the tunnel is 11.36 m, the inner
diameter is 10.36 m, the ring width is 2 m, and the thickness
of the pipe sheet is 0.5 m. One self-made shield machine is
used for the construction. Figure 3 shows a cross-section of
the shield tunnel. The geological conditions of the site were
poor, with the shield crossed and the ground disturbed
many times, resulting in high construction risks and high
requirements for traffic organization and environmental
protection. As a result, high demands were placed on the
control and optimization of the shield machine. The shield
operator needs to identify the influencing parameters of GS
and driving efficiency from many operating parameters of
shield and adjust these parameters to enable the shield to
improve driving efficiency and reduce disturbance to the
surrounding environment.

Based on existing research, three categories of feature
parameters have been pre-selected: tunnel geometry, geo-
logical conditions, and shield machine operating parame-
ters (Zhao et al., 2023). Tunnel geometry considers the
depth of the tunnel cover, which directly influences the
load-bearing capacity of the surface soil. Geological condi-
tions consider the angle of internal friction, Poisson’s ratio,
compressive modulus, and cohesion (Kannangara et al.,
2022). These factors are critical to GS due to their collec-
tive impact on soil stability and deformation characteris-
tics. In the shield machine operation parameters related
to GS, the total thrust force, rotation speed of cutterhead,
advancing speed, torque of cutterhead, grout pressure,
grout volume, excavation chamber pressure, bubble cham-
ber liquid level, bubble chamber pressure, slurry flow rate,
muck discharge flow rate, and rotation angle were selected
as inputs. The parameters were selected on the basis of
their direct impact on soil stability and deformation during
key operations, including advancing, cutting, support, and

discharge. This enables effective control of GS and opti-
mization of the overall performance of shield tunnelling
operations (Gao et al., 2018; Ling et al., 2022; Su et al.,
2022). A total of 16 x 300 data were collected in this pro-
ject. The statistics of each variable are shown in Table 1.

Figure 4 displays the correlation matrix of variables to
offer a descriptive snapshot of the interrelationships among
pairwise parameters, shedding light on the data distribu-
tion. The majority parameters exhibit a modest correlation,
with Pearson correlation coefficients generally below 0.8.
The data distribution reveals a clear inverse relationship
between GS and GP, as well as CEP. Increasing GP effec-
tively fills gaps around the tunnel, reducing soil looseness,
while higher CEP helps support the soil surrounding the
tunnel, preventing it from collapsing during the advance-
ment of the shield machine. Therefore, elevating these fac-
tors can potentially control the extent of GS. This is
consistent with the findings of other scholars (Chen et al.,
2025a; Zhou et al., 2023). Additionally, the data also show
a clear positive correlation between GS and TF, RC, and
TC. An increase in TF implies a greater force exerted by
the shield machine on the geological strata, which could
decrease the compactness of the surrounding soil. Increas-
ing RC and TC can enhance cutting efficiency, but may
also cause more soil disturbance and looseness. These
increased parameters reflect the intense intervention in
the subterranean strata by the shield machine operations,
which may elevate GS (Guo et al., 2023; Liu et al.,
2024b). A high degree of linear correlation between input
features may result in the model failing to capture the
underlying non-linear relationships in the data, thus affect-
ing its ability to generalize. To address this issue, we have
developed a methodology that combines LGBM informa-
tion entropy feature importance and SHAP value analysis.
This approach allows us to analyze and interpret the
importance of each feature and make informed decisions
about feature selection.

3.2 Multi-objective optimization of the shield performance
model

3.2.1 Optimization objectives
There are different performance objectives for shield
construction, and this study considers the two most valued

B (D1 Miscellaneous fill soil mm (D, Plain fill soil

1 Qs-; Sandy silty clay with silty silty clay

mm® Sandysilt EE®: Sandysit mEm®sSilt @O Sandy silt

=@, Sandy silt
D5 Sandy silt with silt

@3 Sandy silt with silt

= D41 Sandy silt

= ®@s Silt W7 Sandy silt mEm® Silty silty clay

0y Silt 1@ Medium sand (@4 Round gravel

Fig. 3. Longitudinal section of the geological profile of the shield tunnel interval.
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Table 1
Characteristic parameters and ranges of values for settlement predictions.
Parameter Abbreviation Unit Min Max Mean
Total thrust force TF kN 28 611.000 112 045.000 61 282.413
Rotation speed of cutterhead RC r/min 0.883 2.440 1.524
Advancing speed AS mm/min 8.000 43.000 23.883
Torque of cutterhead TC kN-m 1626.000 16 441.000 4963.603
Grout pressure GP kPa 260.000 692.000 450.230
Chamber earth pressure CEP kPa 121.700 394.667 282.859
Bubble chamber pressure BCP kPa 191.000 575.000 464.060
Slurry flow rate SFR m>/min 12.750 19.120 16.447
Muck discharge flow rate DFR m?/min 15.320 20.840 18.984
Rotation angle RA (°) -0.320 0.280 0.009
Internal friction angle IFA (°) 15.000 38.530 26.290
Compression modulus CM GPa 3.200 34.119 12.453
Soil cover height SCH m 9.811 37.103 26.733
Poisson’s ratio v - 0.185 0.370 0.288
Cohesion CO kPa 3.245 12.742 7.688
Ground settlement GS mm 0.010 86.690 25.574
Variable correlation matrix
1.00
TF 0.42 -0.63 0.75 0.04 0.12 0.78 0.76  0.59 0.79 0.64 0.79 -0.78 -0.74 0.32
RC 0.46  0.01 034 031 027 035 0.17 033 0.36 0.80
AS \ 0.05 -0.68 0.10 -0.74 -0.71 -0.65 0.74 0.75
TC , . 0.02 0.45 | 0.50 | 0.35 0.49 1 0.24 | 0.46 0.49 0.60
). .15 10.10 1 0.20 | 0.03 1 0.06 | 0. .
GP 0.11]0.15 | 0.10 | 0.20 | 0.03 1 0.06 06 | 0.11 0.40
CEP 0.39  0.10 | 0.15 0.06  0.15 | 0.31
BCP / \ 0.73 | 0.62 0.78 0.72 091 -0.81 -0.68 0.09 0.20
SFR , \' , 0.85 0.84 076 0.78 -0.84 -0.81 0.13
0
DFR ’ ‘ ’/ 0.65 0.61 0.65 -0.65 -0.61
RA 0.13]0.13 ~0.20
FA | O & V4 4 0.86 0.85 -0.92 -0.90 0.17
o™ | N oLre J 0.79 -0.88 -0.85 040
SCH / \ /,’ // -0.87 -0.76 o0
AT A NN NN\
ALY V4 W\ \\\/ 00
Gs P
—1.00
TF RC AS TC GP CEPBCP SFRDFR RA IFA CM SCH v CO

Fig. 4. Variable correlation matrix of influencing variables.

indicators for this project, high driving efficiency and low  the FPI, the higher the driving efficiency. FPI can be estab-
environmental disturbance. GS is used to represent envi- lished as an objective function from Eq. (16):

ronmental disturbance and field penetration index (FPI) TF
to represent driving efficiency. The smaller the GS, the  FPI =5
smaller the environmental disturbance, and the smaller

(16)
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p=22 (17)

where P is penetration resistance.
GS is predicted using the SSA-LGBM model, which
defines the objective function as Eq. (18).

GS = SSA-LGBM
(shield operating parameters, geological conditions),

(18)
where SSA-LGBM(+) denotes the SSA-LGBM model.

3.2.2 Feature importance analysis

The SSA-LGBM model was trained using 300 sets of
data on shield operation parameters and geological condi-
tions, selected from the dataset. Tree-based models can be
used to assess the importance of features. Referring to the
meta model, we initially conducted a permutation impor-
tance analysis to assess the significance of variables, as
illustrated in Fig. 5. The values in the plot represent the
number of times each feature has been used across all splits
of the model. The higher this value, the more frequently the
feature is used for splitting the data, so it can be seen as the
degree to which the feature contributes to the tree struc-
ture. In instances where multiple features exhibit a strong
correlation, the algorithm tends to select the feature that
minimizes uncertainty, thereby automatically adjusting its
dependence on redundant features (Chen et al., 2023;
Chen et al., 2021). The features that appear most often in
node splitting of decision trees are RC and DFR, and the
least is v. Changes in RC can affect soil displacement and
stress distribution during construction, which in turn
affects GS. DFR directly involves soil movement, compres-
sion, and changes in groundwater level, all of which are
closely related to GS.

It should be noted that feature importance is calculated
based on the data and parameters of model training, and it
does not necessarily provide causality or explanatory abil-
ity of features. When making decisions or interpretations
using feature importance, domain knowledge and other
interpretive tools need to be combined to gain insight into

RC 119
DFR 112

TC 101

AS 99

GP 96
CEP 92

TF 85
64

Features
3

co 57
BCP 52

RA 49
SCH 47

cM 44
SFR e — 4 1

3]

0 20 40 60 80 100 120
Feature importance

Fig. 5. LGBM feature importance.

the relationship between features and GS. Using SHAP
analysis to elucidate an SSA-LGBM model facilitates com-
prehension and interpretation of the mechanisms of the
SSA-LGBM model, as well as pinpointing contributing
features, assessing model performance, and amplifying
model interpretability. The GS predictive model of SSA-
LGBM was explained and analyzed by the SHAP method,
and the influence of each input parameter on GS prediction
results was obtained as shown in Fig. 6. It can be seen from
the figure that shield control parameters such as CEP, TC,
RC, AS, GP, DFR, and TF have a greater influence on GS.
This is consistent with research by other scholars (Guo
et al., 2023; Su et al., 2022). From Fig. 6, the sample points
with larger values of CEP are mainly distributed in the
region where the SHAP value is less than 0. This indicates
that CEP is negatively correlated with the GS, and as CEP
increases, the GS becomes smaller. Higher CEP helps sup-
port the soil surrounding the tunnel, preventing it from col-
lapsing during the advancement of the shield machine. The
TC, RC, TF, and GS are positively correlated, while GP
and DFR are negatively correlated with GS. In addition,
construction parameters have a greater influence on GS
than depth of burial and geological parameters. The rela-
tively small effects of SCH, v, IFA and CO are explained
by the small variation in depth of burial and soil parame-
ters. These relationships are consistent with the field mea-
surement results mentioned earlier, except for AS. Here,
AS shows a positive correlation with GS, while the actual
measurement data indicate a weak negative correlation.
This discrepancy may be due to the Pearson correlation
coefficient’s inability to accurately discern the complex
non-linear relationships between them. In complex
machine learning models, the influence of a single feature
can change due to interactions with other features.

At present, some researchers have employed SHAP
analysis for the purpose of feature selection, and have
thereby attained notable outcomes (Chen et al., 2021;
Gebreyesus et al., 2023; Hong et al., 2024). Moreover,
some researchers have also integrated SHAP analysis with
other feature selection techniques with the objective of fur-
ther enhancing the accuracy and reliability of feature selec-
tion (Li et al., 2024; Yin et al., 2022). To assess the impact
of the variables in a comprehensive manner and to ade-
quately assess the significance of variables across various
analytical methods, this paper introduces and applies the
concept of weighted importance. The combination of
SHAP and LGBM for feature selection facilitated the iden-
tification and validation of non-linear relationships within
the data set, while also enabling a more accurate under-
standing of the actual impact of each feature on the predic-
tive output of the model. This approach not only effectively
addresses the issue of high correlation between model input
features, but also enhances the model’s capacity to process
high-dimensional and highly correlated datasets, while also
improving its interpretability. By individually assessing the
relative variable importance of the two methods and then
consolidating them into a final measure, we identified the
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Fig. 6. Influence of each input parameter on the prediction results of GS. (a) Shapley values, and (b) SHAP importance.
Table 2
Variable importance analysis result.
Parameters Importance index Weighted importance (%) Total Ranking
Tree model importance SHapley Tree model importance SHapley
TF 85 2.10 7.80 7.73 0.1553 7
RC 119 2.83 10.93 10.40 0.2134 3
AS 99 2.51 9.09 9.23 0.1832 5
TC 101 3.95 9.27 14.53 0.2380 1
GP 96 2.38 8.82 8.76 0.1758 6
CEP 92 4.08 8.45 15.01 0.2346 2
BCP 52 0.70 4.78 2.58 0.0736 11
SFR 41 0.67 3.76 247 0.0623 14
DFR 112 2.38 10.28 8.76 0.1904 4
RA 49 0.40 4.50 1.47 0.0597 15
IFA 64 0.85 5.88 3.13 0.0901 9
CM 44 1.74 4.04 6.40 0.1044 8
SCH 47 0.65 4.32 2.39 0.0671 13
v 31 1.07 2.85 3.94 0.0679 12
CO 57 0.87 5.23 3.20 0.0843 10

variable with the highest overall importance score. This
variable exerted the most pronounced influence on GS.
The results of the calculations are shown in the Table 2.
From the table, it can be understood that the order of fac-
tors influencing the input parameters on GS is as follows:
TC > CEP > RC > DFR > AS > GP > TF > CM >
IFA > CO > BCP > v > SCH > SFR > RA. The top seven
variables have a significant effect on GS. After comprehen-
sively considering the information entropy feature impor-
tance of LGBM and the results of SHAP analysis, the
seven shield construction operation parameters that have

the greatest influence on GS, namely, TC, CEP, RC,
DFR, AS, GP, TF, are chosen to be adjusted.

3.2.3 Constraints

The shield operating parameters should also be con-
trolled. Due to the complexity of tunnel conditions and
the uniqueness of different tunnel projects, the range of
each project influence parameter cannot be determined by
the relevant technical specifications. Therefore, the col-
lected data are ranked, and the maximum and minimum
values of each parameter are used as the upper and lower
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limits of the influencing parameters. Considering the vari-

ous objectives related to shield performance, the optimiza-
tion model is expressed as follows:

{

3.3 Result analysis

minGS = SSALGBM (TC, CEP, RC, DFR, AS, GP, TF)

minFPI = (RIE)

(19)

3.3.1 SSA-LGBM prediction results

To evaluate the performance of the proposed SSA-
LGBM model, 300 sets of operational parameters and geo-
logical conditions were extracted from the dataset. Based
on previous research experience, the ratio of the training
set to the test set is set as 7:3 to ensure that the models
could be fully and effectively trained (Su et al., 2022). This
partitioning allows for the training and testing of the
machine learning model in a robust manner. The features
in the paper have different magnitudes. To maximize the
utilization of each dataset and avoid the risk of individual
parameters being dominated or failing to converge due to
an excess of data, normalization procedures are applied
and the normalized data are all in the interval [0, 1]. The
prediction results of the original LGBM model, presented
both with and without feature selection, are illustrated in
Figs. 7 and 8. It can be observed that the model incorporat-
ing the selected features demonstrates a higher level of pre-
diction accuracy.

After feature selection, SSA is used to optimize the
LGBM model. The RMSE of the predicted results in the
test set is chosen as the evaluation metric in SSA to opti-

(2)
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mize two hyperparameters of LGBM, learning rate and
num_Jleaves. Results indicate a strong alignment between
the model and the experimental measurements. As evi-
denced by the comparison of Figs. 8 and 9, the accuracy
of the SSA-LGBM model greatly improved in contrast to
the pre-optimization LGBM model.

3.3.2 Multi-objective optimization result

To illustrate how the proposed multi-criteria decision-
making framework arrives at the final solution, we utilize
an engineering dataset as a demonstration. NSGA-II uses
a crossover probability of 0.7 and a mutation probability
of 0.7. The population size is set as 100 and the algorithm
iterates for 100 generations. Figure 10 illustrates the final
Pareto optimal front along with selected decision variables.
The visual representation shows a trade-off between GS
and FPI, revealing an inherent contradiction: a reduction
in GS corresponds to an increase in FPI.

The Pareto front has been successfully obtained but it is
imperative to note that the absence of an ideally optimal
solution, where both objective functions are simultaneously
minimized. In scrutinizing the Pareto front, we have singled
out cases S1-S5 as potential contenders for the definitive
optimal solution. Case S1 distinguishes itself through nota-
ble attributes—manifesting the lowest value for the first
objective function, signifying the minimal GS. Moreover,
it excels in possessing the highest FPI. Furthermore, case
S5 corresponds to the minimum value of the second objec-
tive function representing the smallest FPI, which implies
that in this case the GS is the largest. Cases S2-S4 are uni-
formly distributed among them. The optimal objective
functions and decision variables corresponding to these
cases are detailed in Table 3.
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Fig. 7. Prediction results of GS by LGBM model without feature selection. (a) Comparison of predicted GS with actual GS for training set, and (b)

comparison of predicted GS with actual GS for testing set.
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Fig. 9. Prediction results of GS by SSA-LGBM model. (a) Comparison of predicted GS with actual GS for training set, and (b) comparison of predicted

GS with actual GS for testing set.

TOPSIS is then used to apply to ascertain the ultimate
optimal solution that minimizes the GS and maximizes
the efficiency of the shield tunnelling process based on 2 cri-
teria. Safety is usually more important than efficiency. The
weights of the criteria are 0.6 and 0.4, respectively. It can be
seen from Fig. 11 that the GS has negative correlation with
the FPI. D™ is the distance from the candidate solution to
the ideal solution. D™ is the distance from the candidate
solution to the negative ideal solution. Utilizing the TOP-
SIS method for analysis, Table 4 presents the relative prox-
imity to the ideal solution for each case. Notably, case S2

exhibits the greatest degree of closeness among all
instances. Therefore, case S2 can be used as the final opti-
mal solution that considers the minimum settlement and
the maximum efficiency of excavation.

The mean values of GS and FPI in the original data are
25.574 mm and 2756.2 respectively. So, the percentage
improvement in GS is (25.574-19.528)/25.574 = 23.64%
and in FPI is (2756.2-1237.063)/2756.2 = 55.12%, which
gives an average optimization rate of 39.38%. By facilitat-
ing decision-making through precise parameter adjust-
ments, these methods effectively balance efficiency with
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Fig. 10. Pareto optimal front.

environmental impact, leading to notable improvements in
the operational efficiency of shield machines and control of
environmental disturbances.

4 Discussion
4.1 Influence of data size on predictive model performance
This section primarily addresses the influence of data

volume on the performance of the predictive model. The
size of the dataset is of critical importance in the training

Table 3
Pareto optimal front solutions for different cases.

Table 4

Score of different cases.

Case D" D Score Ranking
S1 0.379 0.503 0.570 4

S2 0.187 0.488 0.723 1

S3 0.214 0.426 0.666 2

S4 0.269 0.429 0.614 3

S5 0.503 0.380 0.430 5

Note: Score is the relative closeness index.

process of machine learning models, as the amount of data
can have a significant impact on the model’s accuracy and
generalization ability. New datasets comprising 20%, 40%,
60%, and 80% of the original data were created and applied
to the predictive model. Furthermore, the performance of
the models was evaluated before and after feature selection
for different dataset sizes. The evaluation of model perfor-
mance was conducted using coefficient of variation of
RMSE (CVRMSE) and normalized mean bias error
(NMBE). The CVRMSE is primarily employed for the
assessment of the relative scale of model errors, and the
NMBE is utilized for the identification of any systematic
biases inherent to the model. The results of the model per-
formance evaluation are presented in Table 5.

It can be seen that the CVRMSE and NMBE metrics of
the model are high under 20% dataset, the model has a
large prediction error and bias, and the size of the dataset

Case Decision variables Objective functions
TC CEP RC DFR AS GP TF GS FPI
S1 1907.490 2.213 1.248 17.742 35.118 5.138 33 734.84 16.869 1509.089
S2 2491.933 1.873 1.311 17.300 34.715 5.057 31 765.07 19.528 1237.063
S3 13 029.120 1.786 1.212 19.510 43.000 5.651 31 709.32 25.528 1114.909
S4 10 518.025 1.217 1.091 18.820 29.311 5.039 28 611.00 28.725 1028.815
S5 1907.490 1.306 1.248 17.940 35.118 5.138 33 734.84 39.131 1000.209
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Fig. 11. Comparison of different cases. (a) Comparison of GS and FPI, and (b) comparison of D* and D"
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Table 5
Model performance evaluation.

Data size Without feature selection (%) With feature selection (%)

CVRMSE NMBE CVRMSE NMBE
20% dataset 53.67 -22.94 33.07 -16.53
40% dataset 44.55 -20.57 26.18 -14.17
60% dataset 37.88 -16.65 14.10 -8.20
80% dataset 15.70 -10.42 12.83 747
100% dataset 13.36 -8.49 8.56 -4.07

is not sufficient to build the predictive model accurately.
The predictive model utilizing screened features demon-
strated favorable performance at the 60% dataset, with
both metrics exhibiting stability. The predictive model with
unscreened features did not reach a plateau in performance
until 80% of the dataset had been utilized. The inclusion of
an excessive number of features in a model not only neces-
sitates the availability of a larger dataset, but also has an
adverse impact on the model’s performance.

4.2 Analysis of the impact of the number of features

The number of regulation parameters may have an
impact on the results of the optimization. Based on the
analysis of the importance and influence pattern of con-
struction parameters, they are classified into seven scenar-
ios as shown in Table 6.

The scene where all seven parameters are optimized has
been discussed in the previous section. Therefore, the
parameters of the other six scenes are brought into the
optimization framework for calculation separately. The
comparison of GS prediction results for different scenarios
is shown in Table 7. As the number of input features
increases, we observe that both R? and VAF values gradu-
ally increase, while RMSE values decrease. When the num-
ber of features is too small, the model receives insufficient
information, making it difficult to effectively learn and pre-
dict ground settlement changes, which is reflected in higher
RMSE and lower R? and VAF values. As the number of
features increases, the model’s prediction accuracy
improves. However, once the number of features reaches
a certain threshold, the additional features provide dimin-
ishing returns in terms of useful information. At this point,
the model’s improvement slows down, and the prediction
accuracy stabilizes.

Table 6
Feature subsets.

The results of the calculations are shown in Fig. 12. The
comparison of the degree of optimization for the seven sce-
nes is shown in Table 8. The results show that as the num-
ber of shield design parameters adjusted increases, the
degree of optimization of GS and FPI increases accord-
ingly. When only one shield design parameter is adjusted,
the average percentage improvement is 26.70%. When
two shield construction parameters were adjusted simulta-
neously, the average percentage improvement was 27.80%.
If three shield construction parameters are adjusted at the
same time, the average percentage improvement is
29.70%. When four shield construction parameters are
adjusted simultaneously, the average percentage improve-
ment is 33.90%. When five shield construction parameters
were adjusted simultaneously, the average percentage
improvement was 35.70%. When six shield construction
parameters were adjusted simultaneously, the average per-
centage improvement was 38.00%. The highest level of tar-
get optimization was achieved when seven parameters were
adjusted, with an average optimization of 39.38%.

4.3 Extendibility of the multi-objective optimization
framework

The validity of the proposed optimization framework
has been verified through research case studies. However,
in practical engineering, it becomes imperative to simulta-
neously consider multiple objectives. Another objective
was added to investigate the scalability of the proposed
methodology. Optimizing energy consumption can signifi-
cantly reduce the cost of shield tunneling. Therefore,
energy consumption (EI) is chosen as the third objective
to bring into the optimization framework (Wang et al.,
2021). The energy consumption needs to be minimized.
The optimization results are shown in Fig. 13.

Number of features Feature subset

Number of features Feature subset

1 TC

2 TC, CEP

3 TC, CEP, RC

4 TC, CEP, RC, DFR

5 TC, CEP, RC, DFR, AS
6 TC, CEP, RC, DFR, AS, GP
7 TC, CEP, RC, DFR, AS, GP, TF
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Table 7
Evaluation of GS prediction results for different scenes.
Evaluation metrics Scene
1 2 3 4 5 6 7
R? 0.504 0.631 0.746 0.835 0.873 0.896 0.931
RMSE 14.149 11.271 9.347 6.915 5.727 5.228 4.775
VAF 0.512 0.635 0.749 0.837 0.878 0.901 0.930
(a) , (b) (c) _
Pareto optimal front Pareto optimal front Pareto optimal front
2100 2100 ¥ 2000
* Pareto front * Pareto front % Pareto front
1900 1900 1800
18001  x 18004 X 17001 %
Eo00] E 17001 % B o]
Q16007 1600 ’§g§( 1500
= ] = K = 1 * %
D 1500 Q, 3 1500 3 1400 a
1400 % 14004 % 1300 X %
13001 * X X % % 1300 Hex % x 1200 L L x
1200 ‘ : : : : 1200 ‘ ‘ . ‘ ‘ 1100 . ‘ ‘ ‘ ‘
10 20 30 40 50 60 70 10 20 30 40 50 60 70 10 20 30 40 50 60 70
Obj1 GS (mm) Obj1 GS (mm) Obj1 GS (mm)
d
( ) Pareto optimal front (C) Pareto optimal front (D Pareto optimal front
2000 2000 2000
* O Optimal solution O Optimal solution O Optimal solution
18004 18001 1800 %
T 1700{ % 1700 %
= o1e0] % 5 1600 T 16001
= o x)& t 1500 z 1500
L ] = 14004 = 1400
S 1400 @ S 130 %’; S 1a00] %&Q
13007 % 12004 e 1200
1200 i » x  x 11004 * % * 1100 X"&k * %
1100 ‘ : : : ; 1000 ‘ ‘ ‘ ‘ ‘ 1000 ‘ ‘ : ‘ ;
10 20 30 40 50 60 70 0 20 30 40 50 60 70 10 20 30 40 50 60 70
Objl GS (mm) Objl GS (mm) Objl GS (mm)
Fig. 12. Pareto solutions for different scenes. (a) Scene 1, (b) Scene 2, (c) Scene 3, (d) Scene 4, (e) Scene 5, and (f) Scene 6.
Table 8
Degree of optimization for different scenes.
Optimization objectives Original Scene
1 2 3 4 5 6 7
GS (mm) 25.574 23.677 23.476 22.589 21.005 20.371 19.580 19.528
—7.42% -8.20% -11.67% —17.87% —-20.34% —23.44% —23.64%
FPI 2756.2 1490.016 1449.843 1439.984 1378.595 1350.068 1310.204 1237.063
—45.94% —47.40% —47.75% —49.98% —51.02% —52.46% —55.12%
Average improvement percentage (%) - 26.68 27.80 29.71 33.92 35.68 37.95 39.38

The optimized GS has been calculated to decrease by
18.28%, the FPI by 50.51%, and the EI by 30.34%. An
average of 33.04% is optimized. The optimal parameter
combinations output by the multi-objective optimization
framework provides support for operators in decision mak-
ing regarding the adjustment of shield machine parameters.
This not only improves construction efficiency but also sig-
nificantly reduces environmental impact and optimizes
energy use efficiency. The scalability of the proposed
method is demonstrated by adding energy consumption

as a third objective to the original problem. The method
can effectively solve multi-objective problems with more
than two objectives.

5 Conclusions

To simultaneously and effectively reduce the GS caused
by shield construction and improve the driving efficiency of
the shield machine, a MOO decision support framework is
proposed in this paper. LGBM is used to identify the
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importance of parameters, and SHAP is used to explain the
influence of input parameters on output parameters; SSA-
LGBM is used to establish the non-linear relationship
between input parameters and GS; multi-objective opti-
mization using NSGA-II algorithm and further decision
making based on TOPSIS to obtain shield machine opti-
mized operating parameters. To assess the effectiveness of
the suggested model, a practical case study is conducted
on an actual project situated in East China. The main con-
clusions of this paper are as follows:

(1) LGBM was used to identify the significance of input
parameters and SHAP to interpret the effect of input
parameters on output parameters. Seven parameters
with significant effects on settlement were identified
and categorized into seven different scenarios. The
greater the number of optimized parameters, the
greater the optimization of the target compared to
the mean of the original sample. The highest degree
of optimization, 39.38%, was achieved when the
seven  control  parameters  were  adjusted
simultanecously.

(2) The performance of the LGBM algorithm after opti-
mization by the SSA optimizer is significantly
improved. The proposed SSA-LGBM algorithm can
reliably predict the GS caused by shield construction
with a predicted R*> of 0.931, RMSE of 4.775 and
VAF of 0.930. The results demonstrate that the
SSA-LGBM method exhibits excellent performance
in terms of prediction accuracy, data variability
explanation, and prediction bias control. It is capable
of accurately and reliably establishing the non-linear
relationship between the control parameters of the
shield machine and the optimization objective,
thereby ensuring the accuracy of the optimization
process.

(3) The proposed multi-objective optimization model can
adaptively adjust the tunneling parameters of the
shield machine to improve the tunneling performance
of the shield machine and increase the driving effi-
ciency while reducing the GS. After the Pareto front
is obtained by the NSGA-II algorithm, the final opti-
mized control parameters are determined by the
TOPSIS method, which can well integrate the scores
of each index, making the evaluation results more
comprehensive and objective. At the same time,
energy consumption can be optimized as a third
objective, and the proposed model has good
scalability.

The optimization and decision-making methods for
shield construction parameters proposed in this study have
broad applicability across a range of contexts, such as
wastewater treatment process optimization, and building
structure design optimization (Li et al., 2023; Liu et al.,
2024a). By modifying the model’s input features, optimiza-
tion objectives and algorithmic parameters by particular

conditions, this approach has the potential to provide sup-
port for other research areas. However, this method also
has certain limitations. Due to the availability of limited
information, the proposed technique has been validated
under conditions of relatively homogeneous geology while
the efficiency may be reduced under complex geological
conditions. Further research is required to investigate a
more scientific and logical approach towards intelligent
decision making for tunnel boring machines. Therefore, it
is suggested that forthcoming investigations concentrate
on optimization problems in complex geological circum-
stances while features in more constraint and further veri-
fying their applicability and effectiveness.
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