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ARTICLE INFO ABSTRACT

Keywords: This paper introduces a hybrid intelligent framework that combines Bayesian optimization (BO), a random forest
Shield construction parameter (RF) model, and the nondominated sorting genetic algorithm-IIT (NSGA-III) for the optimization and control of
Multiobjective optimization tunnel shield construction parameters. The BO-RF method establishes a nonlinear mapping function between the
Surface settlement input variables and three targets, surface settlement, cutter wear, and advance speed, serving as the fitness
izg:;;’i?ee d function for NSGA-III. Model interpretability analysis is conducted using Shapley Additive ExPlanations (SHAP).
BO-RF A multiobjective intelligent optimization model is formulated with NSGA-III, targeting surface settlement, cutter
NSGA-III wear, and advance speed. A case study validates the applicability and effectiveness of this approach, leading to
the following conclusions: (1) The BO-RF algorithm yields highly accurate prediction results, with R? values
ranging from 0.930 to 0.938, RMSE ranging from 0.138 to 0.172, and MAE ranging from 0.112 to 0.138 for the
three targets. (2) The optimization results for surface settlement, cutter wear, and advance speed are outstanding,
with an average improvement of 12.56 %. The simultaneous adjustment of the three shield construction pa-
rameters leads to the best optimization results, with an average improvement of 19.67 %. (3) The energy con-
sumption of the shield drive system decreases by an average of 10.70 %, and the optimization improvement for
the first three objectives decreases by an average of 1.82 %, 1.46 %, and 2.23 %, respectively. By introducing the
integrated BO-RF-NSGA-III algorithm, this study contributes to the field of tunnel engineering optimization
management.

equipment, and other factors, such as human operation errors, it can be
challenging to mitigate safety risks [2], reduce project costs [3], and
adhere to construction timelines [4]. Surface settlement is an inevitable
issue during shield construction and can cause significant harm to sur-
rounding structures and underground facilities, posing safety risks [5].
The significant wear of the cutter frequently necessitates a halt in the
tunneling process for blade replacement, leading to extended construc-
tion periods and a reduction in construction efficiency. In addition,
opening storehouses and changing cutters can easily result in engi-
neering accidents and increase construction risk and cost, especially in
karst tunnels, for which the wear problem is often prominent. The

1. Introduction

In recent years, China’s rapid urbanization has increased the demand
for underground spaces, increasing the prevalence of tunnel construc-
tion [1]. Shield machines have become the most widely used large
construction devices in urban tunnel construction due to their advan-
tages of not affecting ground traffic, high technical and economic ad-
vantages, high degree of automation, and construction not being
affected by climatic conditions. Given the high complexity and vari-
ability of geological conditions, uncertainty surrounding machinery and

* Corresponding author at: Department of Industrial Engineering, Turkish Naval Academy, National Defence University, 34942 Tuzla, Istanbul, Turkey
E-mail address: muhammetdeveci@gmail.com (M. Deveci).

https://doi.org/10.1016/j.knosys.2024.111413

Received 15 November 2023; Received in revised form 8 January 2024; Accepted 17 January 2024

Available online 18 January 2024

0950-7051/© 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:muhammetdeveci@gmail.com
www.sciencedirect.com/science/journal/09507051
https://www.elsevier.com/locate/knosys
https://doi.org/10.1016/j.knosys.2024.111413
https://doi.org/10.1016/j.knosys.2024.111413
https://doi.org/10.1016/j.knosys.2024.111413
http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2024.111413&domain=pdf
http://creativecommons.org/licenses/by/4.0/

H. Chen et al.

Nomenclature

GM grouting amount, m® x;

Cs cutterhead speed, rad-min~" x,
GT gross thrust, kN x3

GP grouting pressure, bar x4

CT cutterhead torque, KN-m ! xs
CEP chamber earth pressure, bar xg
SM shield muck, m® x;

FA foam agent, m? xg

BD burial depth, m xq

CSR cover-span ratio xjo

IFA internal friction angle, x;;

SC soil cohesion, kPa xjo

SS surface settlement, mm f;

CW cutter wear, mm f>

AS advance speed, mm-min~? f3
ECS energy consumption of the shield drive system, kW-h f4
BO Bayesian optimization

RF random forest

NSGA-III nondominated sorting genetic algorithm-III
SHAP Shapley additive explanations

advance speed is also crucial; excessive speed can lead to increased
surface settlement due to rapid stress release and pore water pressure
changes, while overly slow progress affects the construction timeline
[6]. In view of the above problems, it is essential to consider the con-
struction period, cost and safety and to employ effective methods for the
real-time prediction and control of surface settlement, cutter wear
reduction, and advance speed optimization, thereby facilitating effi-
cient, economic and safe tunnel construction.

Scholars have been studying surface settlement, cutter wear and
advance speed in shield construction. The methods used are usually
empirical formula methods, model test methods and numerical simula-
tion methods. For empirical methods, Gui et al. [7] employed an
empirical equation that assumes a Gaussian distribution curve for the
settlement profile of tunnels to estimate surface settlement arising from
double-O-tube tunnel shield construction. Wang et al. [8] established a
hob compound wear test device model based on the working parameters
of a tunnel boring machine (TBM) and calculated the degree of hob wear
considering the cutter wear mechanism. In model test methods, Hu et al.
[9] employed a miniature shield machine model to simulate shield
construction in pebble-rich earth pressure balance (EPB) tunnels and
investigated the resulting surface settlement. Sun et al. [10] constructed
a hob compound wear test model based on TBM working principles and
established a cutter wear prediction method. In numerical simulation
methods, Melis et al. [11] developed a numerical model to simulate
surface settlement resulting from shield machines using Madrid Metro
engineering data and compared the results to previous monitoring data.
Fang et al. [12] coupled 3D rigid body dynamics (RBD) with the discrete
element method (DEM) to simulate hob cutting processes and study hob
performance.

While each of the above three methods can be used to obtain surface
settlement, cutter wear and advance speed, they have respective limi-
tations. For example, the empirical method obtains surface settlement
by intuitive fitting based on field observations, which heavily relies on
empirical relevance and experience and requires some assumptions.
However, at complex construction sites, empirical methods cannot be
flexibly adjusted, resulting in a limited prediction scope [13]. Model
tests have the disadvantages of high cost, long duration, and failure to
consider all the details of the excavation process [14]. Numerical sim-
ulations are very accurate and can be adjusted to specific site conditions,
complex construction procedures and nonlinear soil behavior; however,
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the process of establishing and verifying models is time-consuming.
Obtaining accurate shield construction parameters for numerical simu-
lations, particularly in unpredictable geological environments, presents
significant challenges [15]. The above methods are usually not
comprehensive enough, resulting in poor prediction accuracy for surface
settlement, cutter wear and advance speed.

With the rapid advancement of artificial intelligence, machine
learning (ML) has found applications across diverse domains in civil
engineering and many other industries [16,17]. ML, by learning from
extensive datasets, captures the nonlinear mapping relationship be-
tween outcomes and characteristic variables, taking into account
important construction factors. Additionally, ML methods maximize the
use of available data and do not ignore information. Therefore, ML
methods, such as back-propagation neural network (BPNN), support
vector machine (SVM), and gradient boosting decision tree (GBDT), are
applied in underground engineering prediction [18-20]. However,
BPNN a certain network structure and a significant amount of data to
achieve accurate predictions [21]. When the data availability is limited,
the core functions of SVM are limited, and insensitive parameters and
penalty weight parameters are difficult to determine [22]. When
abundant data are available, GBDT must presort the features before it-
erations are performed, resulting in high spatial complexity and a long
execution time [23].

To address the limitations of the previously mentioned ML algo-
rithms, Breiman [24] proposed an RF intelligent algorithm in 2001. The
algorithm combines the advantages of a decision tree and bagging.
Different decision trees can be generated through the parallel training of
different hosts with high efficiency, and all decision trees are combined
in bagging to avoid the overfitting problems caused by single decision
trees. Therefore, RF has gained widespread application in the realm of
underground space construction [25,26]. Previous studies have
demonstrated that prediction models based on RF exhibit robust
generalization capabilities and high accuracy, establishing nonlinear
correlations between input parameters and burial depth, surface set-
tlement, cutter wear, and advance speed.

Shield tunneling-induced surface settlement is a significant safety
concern in tunnel construction. Numerous studies have sought to
enhance safety by optimizing critical shield construction parameters to
minimize surface settlement [27]. In practical engineering projects,
focusing solely on surface settlement control is inadequate; factors such
as construction period and cost must also be considered. The control of
cutter wear during tunneling is also a key problem in construction,
especially in tunnel engineering under poor geological conditions. In the
tunneling process, especially in the karst area of Guiyang, considering
karst treatment and other factors, the cutter is seriously worn. Problems
such as clamping and the need to change cutters due to wear not only
reduce the tunneling efficiency and increase the construction period and
cost but also have certain safety risks [28]. The advance speed of the
TBM reflects the tunneling efficiency, which directly influences the
duration and cost of the project [29]. Therefore, the control of surface
settlement, cutter wear, and advance speed is crucial in shield engi-
neering. However, these objectives are often conflicting, and achieving
optimal values simultaneously is challenging. To address this, a multi-
objective optimization framework is formulated to identify the optimal
shield construction parameters and optimize surface settlement, cutter
wear, and advance speed.

In multiobjective optimization problems, the primary objective is to
identify a solution set that optimizes multiple objectives, known as the
Pareto solution set [30]. The Pareto solution set is composed of a series
of points distributed on the Pareto frontier. Scholars have widely used
multiobjective optimization technology in various stages of tunnel en-
gineering. In the design phase, engineers are required to balance mul-
tiple factors, including structural safety, construction cost, construction
period, and construction feasibility. These objectives are often in con-
flict; for example, improving structural safety may increase costs, while
shortening the construction period may reduce the quality of
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construction. Liu et al. [31] introduced an intelligent decision-making
approach based on multiobjective optimization, focusing on improving
the advance speed and the cutter life of TBM. Guo et al. [32] employed
the NSGA-II algorithm to optimize tunnel cost, construction time and
comfort level. During the construction phase, tunnel projects require
multiple decisions that directly affect the progress and cost of the project
and may involve multiple competing objectives. For example, acceler-
ating a construction schedule may lead to increased construction risk,
while adopting complex construction methods may increase costs while
improving construction efficiency. Fan et al. [33] introduced a con-
strained multiobjective optimization model aimed at minimizing the
construction cycle, construction energy consumption, and construction
cost of TBM. Zhang et al. [34] devised a method that combined the
eXtreme gradient boosting (XGBoost) and NSGA-II algorithms to reduce
the ultimate support pressure and surface deformation during tunnel
excavation. In terms of subway maintenance, Guo et al. [35] applied
NSGA-III to subway evacuation problems to optimize the evacuation
time, density and cost.

Common multiobjective optimization algorithms include NSGA-II,
NSGA-III, MOEA/D and MOMPA [36-39]. Among them, NSGA-III in-
corporates fast nondominated sorting, distance allocation, and reference
point technology to maintain diversity in multiobjective optimization
and explore the full scope of global optimal solutions, making it effective
for handling three or more objectives. In addition, NSGA-III requires the
establishment of an objective optimization function. Some studies have
used ML algorithms to establish an objective optimization function.
Traditionally, the determination of functional relationships between
variables involves the use of empirical formulas or simulation software.
However, these methods have limitations. Empirical formulas lack
flexibility for adjustments based on engineering situations, and simu-
lation software calculations are time-consuming, reducing efficiency
[40-42]. Several scholars have suggested using ML methods such as
BPNN, SVM, and others to construct nonlinear prediction models,
establish fitness functions, and perform optimization [43-45]. In this
paper, the objective optimization function of NSGA-III is established
based on the BO-RF algorithm, optimizing this function to determine the
best construction parameter decision scheme.

The main research questions addressed in this study are as follows:
(1) How can the nonlinear relationships between the input parameters
and surface settlement, cutter wear and advance speed be established?
(2) How can the impact of each input parameter on the surface settle-
ment, cutter wear and advance speed be evaluated, and what are the key
optimization parameters? (3) How can the optimal shield construction
parameters be determined when the surface settlement, cutter wear and
advance speed are optimized simultaneously? This paper introduces a
BO-RF-NSGA-III multiobjective intelligent optimization framework. A
high-precision prediction model for surface settlement, cutter wear, and
advance speed is established using the BO-RF algorithm based on actual
monitoring data. Subsequently, the Shapley Additive ExPlanations
(SHAP) method is used to determine the key optimization parameters
affecting the surface settlement, cutter wear and advance speed. Finally,
the trained prediction models serve as the objective optimization func-
tions for NSGA-III, which is then employed to optimize the three ob-
jectives according to the proposed optimization principles. The research
results can be summarized as follows: (1) A high-precision prediction
model for surface settlement, cutter wear, and advance speed is obtained
using the BO-RF algorithm and subsequently optimized as the fitness
function. (2) The SHAP algorithm is employed to determine the
importance of each input parameter to surface settlement, cutter wear,
and advance speed, leading to the identification of key optimization
parameters. (3) A BO-RF-NSGA-III hybrid approach is developed to
predict and optimize the surface settlement, cutter wear and advance
speed. Based on the proposed optimization principle, the impact of
surface settlement on the surrounding environment is reduced, the
construction cost caused by cutter wear is reduced, and the tunneling
efficiency is improved.
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The paper is structured as follows. Section 2 outlines the process of
constructing a multiobjective optimization model using the BO-RF al-
gorithm. Section 3 demonstrates the application of our proposed method
by predicting surface settlement, cutter wear, and advance speed for a
section of the Guiyang Rail Transit Line 3 and optimizing the shield
construction parameters. Section 4 extends the methodology to optimize
the energy consumption of the shield machine drive system. Finally,
Section 5 provides a summary of the paper and offers potential di-
rections for future research.

2. Methodology

This paper introduces a hybrid optimization method that combines
BO-RF and NSGA-III to optimize the surface settlement, cutter wear and
advance speed and determine the best shield construction parameter
decision scheme, which provides guidance for practical construction.
The specific process is visually represented in Fig. 1.

2.1. Data collection and processing

The EPB shield machine utilized in this project is outfitted with an
extensive array of sensors dedicated to recording operational conditions
throughout the excavation process. The raw data generated by these
sensors are gathered by the TBM’s data acquisition system and are
presented in the form of CSV files, with the data recorded corresponding
to changes in the number of rings. These files encompass abundant in-
formation, including time, ring number, and shield operating parame-
ters. For this study, the average values of the operating parameters for
each ring are computed. Although the information is comprehensive,
relatively few geological parameters are available, and the value of
cutter wear cannot be automatically recorded, requiring manual mea-
surement. Therefore, the data require preprocessing to extract valuable
information suitable for model development. The data processing steps
encompass data cleaning, geological parameter interpolation, cutter
wear calculation, data normalization and Pearson correlation analysis.

(1) Data cleaning

The shield construction parameter data obtained from the EPB-TBM
data acquisition device comprise states from the propulsion and shut-
down stages. Numerous records with a parameter value of O are
generated during the TBM shutdown process. To construct the dataset, it
is necessary to delete the blank records to improve the validity of the
data. Generally, zero-value data and data at the start and close stages can
be eliminated through state discrimination. The state discrimination
function is defined as follows:

D = d(v)-d(n)-d(F)-d(T) )
d(x) = { oy @

where v represents the advance speed, n represents the cutterhead speed,
F represents the gross thrust, and T represents the cutter torque. d(x) is
the function used to determine whether to retain records, and D is the
result of multiplication of the d(x) function. If any attribute in the input
dataset contains a zero or invalid value, d(x) is set to 0, causing D to
equal 0, at which point the corresponding parameters should be
removed. In addition, since we obtained the average value of each
tunnel ring, the negative effects of outliers can be mitigated.

(1) Geological parameter interpolation
Before the shield was constructed, core samples were obtained with a

drilling machine, and the burial depth data were recorded. These core
samples are subsequently sent to a geotechnical mechanics laboratory
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Fig. 1. Flow chart of the optimization of shield construction parameters based on the BO-RF-NSGA-III algorithm.

for testing to obtain geological information about the construction route.
This information included the location and depth of the borehole, the
depths of the various formations, and the petrophysical and mechanical
parameters of the formations. However, due to project budget con-
straints, it is often not possible to obtain sufficient borehole data,
resulting in relatively limited geological information. The original
geological distribution data reveal discrete geological depth informa-
tion, but construction with a shield machine is a continuous process, and
borehole-based geological distribution data may not represent the real
continuous geological distribution.

To overcome this limitation, the ordinary kriging interpolation
method is used to interpolate geological data to more accurately esti-
mate the continuous geological distribution during the construction
process of TBM [46]. First, laboratory tests were carried out on drilled
core samples from the construction area, and the geological parameters
of these samples were obtained. The common kriging method was sub-
sequently applied to interpolate the burial depth data for the various
strata and obtain the continuous geological distribution within the
construction interval. Finally, the excavation stratum of each ring was
determined according to the interpolated and complete map of the
geological data, and the soil parameters, including the internal friction
angle and soil cohesion, of each ring tunnel were obtained. These pa-
rameters are crucial for shield design and the formulation of tunneling
strategies.

The ordinary kriging method requires spatial assumptions, such as
the properties at every point in space are uniform and every point is
characterized by the same mathematical expectation and variance. The
purpose of ordinary kriging interpolation is to find a set of coefficients 4;
for a point (x,y) in space with attribute values as follows:

n
20 = Zﬂ,‘Zi
i=1

3

where 2, represents the estimated value at point (xo,yo), namely, zo =
2(x0,Y0), and z; denotes the known attribute value.

Kriging interpolation is an unbiased estimation method that requires
unbiased constraints: E(Y ! ;4% — 2,) = 0. The estimated deviation J,
where J = Var(3" 114z — 20) = Var(> 11 4izi) — 2Cov(>1 1 4i%i, %0) +
Cov(2i2o) = > iq Z}':Oﬂixljcij — 2311 4iCio + Coo, is set as the optimi-
zation target, where C; represents Cov(z;,2;). The semivariance is rj = 02
— Cj, and the error formula is used to obtain J = 2 SEiAire —

Doie1 Yoj—o4iiTi — Yoo TO minimize the error J, we need to find the point

at which the partial derivative of the error formula with respect to 4; is 0.
Using the Lagrange multiplier method, the objective function Y is con-
structed as Y =J+ 2¢(>_1. ;4 — 1), where ¢ is the Lagrange multiplier.
There is a set of parameters ¢, 11,4z, ,4, that minimize the error
function J under the constraint of unbiased estimation, and the corre-
sponding system of equations is presented in matrix form as Eq. (4). The
inverse of this matrix is the result of kriging interpolation.

oo o LA T

1 T2 T2n A 20

: : oo : =1: 4
1 Tn2 Fon 1 An Tno

1 1 - 1 0 —¢ 1

(1) Cutter wear calculation

Because cutter wear cannot be automatically recorded by TBM, we
obtained cutter wear data measured by construction personnel using
special calipers. However, due to the potential risks of the frequent
opening of the warehouse for manual measurement, relatively few
cutter wear values were manually obtained. To solve the problem of an
insufficient data volume, an empirical formula was used to calculate the
cutter wear for each ring [47]. This formula is shown in Eq. (5). The
measured values were compared with the cutter wear calculated based
on the empirical formula used in the paper, and the gap was not large.
Therefore, the empirical formula was used to calculate the degree of
cutter wear in this paper.

_ ng-Fin2mrl

_ 5
9= e Ty )

where ng is a dynamic factor, F, is the gross thrust, n is the cutterhead
speed, r is the cutter radius, [ is the tunnel ring length, k is the empirical
coefficient between friction energy and cutter wear, o, is the unconfined
compressive strength, T is the cutterhead torque, and v is the advance
speed.

(1) Data normalization

To mitigate the impact of dimensionality differences among in-
dicators on prediction efficiency and accuracy, the data from the sample
set need to be normalized and scaled to the same degree. During
normalization, the data samples for different targets are scaled to the
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interval [-1, 1] [48].

X — Xmin

y= (ymax 7ymin) X =+ Ymin (6)

Xmax — Xmin
where yn.x and yn, denote the normalized maximum and minimum
values of the input variable x, respectively. The default values for y.x
and ymi, are 1 and -1, respectively. The input variable x is normalized
using the corresponding maximum and minimum values (Xy,x and X,
respectively).

(1) Pearson correlation analysis

Before building a ML model, if there is feature redundancy in the
data sample, it may adversely affect the training speed and prediction
accuracy of the model. Therefore, before model construction, feature
selection must be performed, and the correlations between various
features must be analyzed. To measure the correlations between
different variables in the raw data, the Pearson correlation coefficient is
commonly used, and the corresponding formula is shown in (7).

NI xyi— D Xy Vi

o @)
VNS 2~ (Sx) VT - (S

where x; and y; are the i values of X and Y, respectively; N is the number
of samples; and R is the Pearson correlation coefficient. The Pearson
correlation coefficient assesses the linear correlation between feature
variables on a scale from -1 to 1. Values nearing -1 or 1 suggest strong
correlation, whereas values near 0 imply the absence of a linear rela-
tionship between the variables.

2.2. BO-RF model development

2.2.1. Random forest

In 2001, Breiman and Cutler proposed the RF algorithm, which is
based on a classification tree [24]. The RF process is as follows. First,
random sampling with return is performed for the sample set, resulting
in the creation of a new training set comprising an equivalent number of
samples. Then, individual decision trees are associated with each new
dataset, and regression trees are constructed based on these data to
establish an RF model. Each tree is trained by selecting a random
number of features at each node of the regression tree. Finally, the test
set data are fed into the trained RF model for prediction. Each regression
tree produces a predicted value, and the average of these predicted
values across all the regression trees yields the final RF-predicted value.
The prediction result of an RF is expressed as follows [49]:

A6 =3 Do) ®

=1

where f;(x) represents the predicted value of the RF regression model
and h;(x) denotes the predicted value of each regression tree.

2.2.2. Bayesian optimization algorithm

When employing machine learning to predict a target, determining
the optimal algorithm hyperparameters is essential. The Bayesian opti-
mization (BO) algorithm has emerged as the preferred choice for opti-
mizing model hyperparameters due to its superior performance when
compared with alternative global optimization algorithms [50]. BO
primarily comprises two components: a probabilistic surrogate model
and an acquisition function.

The probabilistic surrogate model represents the probability model
of the unknown objective function and is constantly modified through
an iterative increase in information to improve accuracy. Gaussian
processes are commonly used in probabilistic surrogate models due to
their flexibility and ability to effectively describe an unknown objective
function [51].
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f(x) ~ Gaussianprocess(u(x), k(x,x)) (&)

where y(x) denotes the mathematical expectation of f(x), set to 0, and
k(x,x) represents the covariance function of x.

The acquisition function searches for the next sample point with the
most potential from the candidate set according to the mean and vari-
ance of f(x) by sampling in the region where the global optimal solution
is most likely to occur and the regions that have not been sampled ac-
cording to the posterior distribution. This paper adopts the upper con-
fidence bound (UCB) as the chosen acquisition function, and its
expression is as follows [52]:

X1 = argmaxg, (x) + \/f,0,(x) (10

where f, denotes a constant that balances exploration and development.

2.2.3. Model accuracy evaluation

The predictive accuracy of the BO-RF model is evaluated through
three key evaluation metrics: the root mean square error (RMSE), mean
absolute error (MAE) and coefficient of determination (R%). The RMSE
and MAE gauge the disparities between the predicted and actual values,
while the R? reflects the degree of dispersion in the sample. The three
evaluation indices are calculated based on Eqgs. (11)-(13) [53]:

= NNy
RMSE = n;(f i) 1)

MAE:%ZV;-fy,-\ a2
i=1
S0 n)

R—1_ tjl - (13)
> —y)

i=1

where n is the sample number, f; is the predicted value, y; is the observed
value, and y; is the average of the actual observed value. The optimal
prediction model is ascertained by choosing the model with the lowest
RMSE and MAE values and the highest R? value. Low RMSE and MAE
values, along with a high R?, signify superior model performance.

2.3. Shapley additive interpretation

As ML algorithms become increasingly complex, the resulting black
box effect results in model prediction results that lack sufficient credi-
bility. SHAP interpretation is a method that was proposed by Lundburg
and Lee and is a model-independent global interpretation method; that
is, any ML model can be globally interpreted [54]. This method employs
the idea of game theory to assess feature impact on model outcomes
through the computation of each feature’s Shapley value-based mar-
ginal contribution. This contribution can be either positive, indicating
enhanced predictions, or negative, implying less effective predictions.
Additionally, greater feature significance within the model corresponds
to higher absolute contribution values.

Let the ith sample be x;, the jth feature of the ith sample be x;, the
predicted value of the model for the sample be y;, the baseline of the
entire model (the mean value of the prediction results when the model
has no input features) be Yy, and f(x;) be the SHAP value of the jth
feature of the ith sample. Then, the SHAP value is obtained with the
following formula:

Yi = Yoase +F (%) + £ (xi2) + -+ (x5) 14)

The formula for f(x;) is as follows:



H. Chen et al.

ISICIE] = IS = 1!

|F|' [V(SU {]}) - V(S)] (15)

fly) =
SCF\{j}

where F is the complete set of all influential factors in sample x;, S is the
subset formed by any number of influential factors in sample x;, v(S) is
the contribution generated by the joint action of the influential factors
included in subset S, and v(SU {j}) — v(S) is the contribution of influ-
ential factor j to the joint action.

The cumulative mean of the influential factors j for all samples is
calculated as the SHAP value of influential factor j. The formula is as
follows:

) = EM;f (x3) (16)

2.4. Establishment of the NSGA-III multiobjective optimization model

2.4.1. NSGA-III

Srinivas and Deb introduced NSGA as a solution to multiobjective
optimization problems by enhancing the fitness value of the GA with
Goldberg’s concept [55]. NSGA-II, which builds on the NSGA, uses an
elite retention strategy and shared parameters to enhance the optimi-
zation capability and reduce computational complexity. NSGA-II uses a
crowding distance method to select the nearest-neighbor domain points
around individuals and improve the population diversity at the same
dominance level. Deb proposed NSGA-III by modifying the selection
mechanism of NSGA-II and introducing a reference point-based selec-
tion method [56]. By utilizing distributed reference points, this
approach effectively preserves population diversity in scenarios
involving high-dimensional objectives. Consequently, the NSGA-III has
found widespread application in various multiobjective optimization
problems [57].

The multiobjective optimization based on NSGA-III involves the
following steps:

Step 1: Initial population generation. Begin by randomly generating
an initial population P of size N. Conduct fast nondominated sorting on
this initial population, and apply genetic algorithm operations such as
selection, crossover, and mutation to produce a child population Q of
size N.

Step 2: Population consolidation and sequencing. Merge the parent
population P and the child population Q into a new population R with a
size of 2N. The new population R is classified into different levels ac-
cording to dominance relationships, and individuals are subsequently
selected layer by layer from different dominance levels and added to the
next generation of offspring.

Step 3: Adaptive normalization. Perform adaptive normalization on
individuals, and construct a set of reference points. Determine the
number of reference points according to Eq. (17).

H=— (1”+—”_1> 17)
P

where M is the number of optimization targets, p is the number of each
dimension partition, and H is the number of reference points.

Step 4: Target value normalization. The optimization target is
normalized, which helps reduce the influence of target values with
different dimensions on the algorithm. To determine the desired point z
in population S;, the minimum value z™" for each target plane is first
identified. Next, each target is converted to make the desired point of the
converted target S; a zero vector by subtracting the desired point zM"

from the target value f;. The converted target is then labeled ﬂ(x). Then,
M extreme points of these targets are used to generate M-dimensional
hyperplanes, and the intercept g; of the ith axis is calculated. Finally, the
objective function is normalized.

]

[i(x) =fi(x) =™ s)
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Step 5: Association between individuals and the reference point.
Connect the origin and reference points to create a reference line.
Calculate the vertical distance between each individual and the refer-
ence line. Select the individual with the smallest vertical distance from
the reference point for association analysis. Based on the minimum
number of habitats, the remaining individuals are selected, and together
with the individuals previously selected by fast nondominated sorting, a
new generation of the population is constructed, with the size of the new
population equal to N. Repeat this process until convergence conditions
are met, ultimately obtaining a Pareto optimal solution set.

The Bayesian algorithm, RF algorithm and NSGA-III are the three
main algorithms of the BO-RF-NSGA-III hybrid framework, and the
pseudocodes are shown in Table 1.

2.4.2. Ideal point method

The NSGA-III algorithm produces a set of Pareto optimal decisions
that satisfy the requirements of multiobjective optimization. However,
practical tunnel construction typically requires a single decision scheme
to guide the actual tunnel excavation. To select the optimal solution
from the Pareto optimal solution set, this paper adopts the ideal point
method.

The ideal point method entails determining the distance between the
ideal point and the optimal trade-off solutions in the Pareto front. These
solutions can then be ranked based on their respective distances. The
distance formula for the four-objective optimization scheme used in this
study is expressed in Eq. (20) [32]:

Table 1
BO-RF-NSGA-III pseudocodes.

Algorithm 1: Bayesian algorithm
Input: X;, N(maximum iterations)

Output: x,
1 for t=1, 2,..., N do
2 Find x, by optimizing the acquisition function over the Gaussian process:
X, = argmaxXyU(x|Xi.—1)
3 Obtain a new sample(x.,f(x.))
4 Augment the data Xi..= {X1.-1, (x,,f(x.)} and update the Gaussian process
5 end

Algorithm 2: Random forest algorithm
Input: N (training data), ny, (minimum node), B (number of decision trees), m
(variable number)

Output:fff (%)
1 for m=1, 2,..., B do
Obtain a bootstrap sample Z of size N from the training data
3 Establish a random forest tree T;, based on the bootstrapped data, by
recursively repeating the following steps for each terminal node of the tree,
until the minimum node size ny, is reached.
4 i. Select m variables at random from the p variables.
ii. Pick the best variable/split-point among the m options.
iii. Split the node into two daughter nodes.
5 Output the ensemble of trees {T}, }lf .
end

Fal) =330 o)
Algorithm 3: NSGA-III optimization algorithm
Input: P(population size), tmax(maximum number of iterations), selec(selection
probability), crosp(crossover probability) ad mutp(mutation probability)
Output: Pareto-optimal solution
for t=1, 2,..., tmax do
Calculate the function value for each target in the population
Implement three genetic operations: selection, crossover and mutation
Produce a progeny population Q through the above operations
Merge progeny population Q with the parent population to produce a new
populationR
6 Using a series of operations, such as reference point-based selection, fast
nondominated sorting, standardization, relevance analysis, and
correspondence analysis, the optimal individual Pis selected from
population R
7 end

N o N

Uu s wN =
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D, — {x,’ - proim:| : n [Yi - yEpainl:| ’ + |:Zi - ZEpainl:| : (20)
XEpoint YEpoint ZEpoint

where D; is the distance between the average of all points and the ideal

point, (x;,Yi, ;) are the coordinates of the optimal Pareto frontier point,

(XEpoint» YEpoint » ZEpoine ) are the coordinates of the ideal point, and the point

corresponding to the smallest distance is the optimal point; that is,

D,,, = min(D;) 21
3. Case study
3.1. Project background

This study focuses on the interval tunnel between Zaojiaojing Station
and Taicigiao Station (ZT) of part 7 of the Guiyang Rail Transit Line 3
project. The project location is shown in Fig. 2. The ZT tunnel spans from
YDK25+894.583~YDK27+295.528, covering a total length of
1400.945 m. The tunnel features a maximum longitudinal slope of
34.0%o, and its depth ranges between 9.58 m and 28.27 m. It predomi-
nantly traverses moderately weathered dolomite and local moderately
weathered argillaceous dolomite. A geological cross-sectional profile
derived from the interpolation and consolidation of borehole data is
presented in Fig. 3. This study selects data from approximately 200
rings, primarily situated in moderately weathered dolomite with a
compressive strength ranging from 45 to 78 MPa, a soil cohesion of
around 190 kPa, and an internal friction angle of about 26°. The
development of karst fissures in this region is quite heterogeneous, with
some dolomite sections being separated by water and others containing
water, reflecting complex hydrogeological conditions.

Considering the geological conditions of the tunnel section and the
operational demands in the field, a 6470 mm-diameter EPB-TBM was
chosen for tunnel construction. The cutterhead of this shield machine
was equipped with 41 cutting hobs, namely, 35 single-edge hobs, 6
double-edge hobs, 12 side scrapers, 43 scrapers, and 1 superdigging
knife. The cutterhead and cutter layout of the shield machine are shown
in Fig. 4. However, the construction process of shield is extremely
complicated, and many construction techniques are used. The stability
of karst strata in Guiyang is poor, which easily results in large-scale soil
subsidence, collapse and other geological disasters. Ensuring the safety
of tunnel construction necessitates stringent demands for controlling
surface deformation caused by tunnel excavation in karst areas. In karst
areas, the cutters of shield machines are prone to severe wear. Especially
in the context of cemented and broken rocks in weathered rock forma-
tions, the hob easily cuts, but because the rock blocks are glued to each
other, the rock blocks are not squeezed downward but are squeezed to
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both sides of the blade, resulting in increased tool penetration. This
further intensifies the wear of the blade, leading to faster wear of the hob
blade and even sharpening. During construction, the shield machine is
prone to encounter unstable strata in karst areas. To avoid safety risks
such as ground collapse, the advance speed of the TBM is limited to
ensure construction safety. Moreover, drainage and surrounding rock
treatment measures in karst areas also affect the excavation speed.
Under karst geological conditions, surface settlement, cutter wear
and advance speed are important factors in the construction process, and
appropriate measures should be taken to address the corresponding
challenges. Fig. 5(a) shows the internal construction of the shield tunnel,
and Fig. 5(b) displays the shield machine operating system interface.

3.2. Optimization target prediction based on the BO-RF model

3.2.1. Input parameter selection and data processing

The input parameters were determined by analyzing the shield
construction process and referring to many relevant studies. Reasonable
control of the grouting amount and pressure is crucial for ensuring soil
stability during shield machine operation. An insufficient grouting
amount or pressure can cause inadequate clearance filling at the shield
tail, leading to significant surface settlement. Conversely, excessive
amounts of heavy metals can lead to soil crushing and slurry waste [58].
An increase in cutterhead speed can lead to heightened cutter wear and
aggravate the soil disturbance [59]. In the process of excavation, the
gross thrust is mainly adjusted to overcome the frictional resistance
exerted by the soil and the resistance of the cutterhead. An increase in
gross thrust corresponds to greater disturbance to the soil and increased
cutter wear consumption [60]. The cutterhead torque is used to ensure
normal advancement of the TBM and is one of the key shield construc-
tion parameters [61]. Maintaining an equilibrium between the pressure
within the soil bin and the cutting soil pressure on the tunnel face is
crucial for minimizing surface settlement. Thus, the chamber earth
pressure is a critical factor for controlling surface settlement [62]. In
EPB shield tunnelling, the excavated soil and water mixture, commonly
known as shield muck, serves as the supporting medium in the exca-
vation chamber. The muck is then discharged from the chamber through
a screw conveyor. It is essential to achieve a balance between the dis-
charged and excavated soil volumes to establish a stable support pres-
sure and ensure the stability of the tunnel face [63]. Foam agents are
widely used soil conditioners that can protect the cutter and reduce the
cutterhead torque by adjusting the soil fluidity [64].

The tunnel burial depth significantly affects surface settlement dur-
ing shield construction. A deeper tunnel generally corresponds to
reduced vertical surface settlement and an increased for the width of the
settlement tank [65]. The cover-span ratio, closely tied to tunnel depth,
is a key variable in estimating surface settlement [66]. The internal

- »e = o3 b
he interval between Zaojiaojing
JTITE =%

Fig. 2. Plan location of section 7 of Guiyang rail transit line 3.
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Fig. 3. Geological profile map from Zaojiao well station to Taizigiao station.

Fig. 4. Cutterhead front view.

friction angle and soil cohesion are crucial in influencing various aspects
of shield construction. Increased values of these parameters translate to
heightened soil-to-soil and soil-to-equipment friction, resulting in
greater shield thrust and cutterhead torque. This, in turn, leads to slower
advancement, increased excavation difficulty, accelerated cutterhead
wear, and a decrease in surface settlement [67].

Based on the above mechanism analysis, an input index system
related to surface settlement, cutter wear and advance speed is proposed
based on the grouting amount (x;), cutterhead speed (xz), gross thrust
(x3), grouting pressure (x4), cutterhead torque (xs), chamber earth
pressure (xg), shield muck (x7), foam agent (xg), burial depth (xy),
cover-span ratio (xjo), internal friction angle (xi1), and soil cohesion
(x12). The grouting amount (x; ), cutterhead speed (x3), gross thrust (x3),
grouting pressure (x4), chamber earth pressure (xs) and foam agent (xs)
are the active control parameters of the TBM and are adjusted by the
operator according to the engineering requirements to directly adjust
the operation of the TBM. The cutterhead torque (xs) and shield muck
(x7) are passive control parameters of the TBM. These parameters are
affected by the mechanical characteristics and working conditions of the
shield machine and cannot be directly controlled by the operator;
however, these parameters affect the adjustment of active control pa-
rameters and the tunnel driving effect. Table 2 shows the statistical

information for the input and output parameters of the preprocessed
200-421 ring, and the corresponding distribution diagram is depicted in
Fig. 6.

After the obtained data are preprocessed, the Pearson correlation
coefficient is employed to analyze the relationship between the pa-
rameters, ensuring the dataset’s quality. The correlation coefficient
matrix, depicted in Fig. 7, reveals that the absolute values of the Pearson
correlation coefficients between the 12 input parameters and surface
settlement, cutter wear, and advance speed are all less than 0.5. This
suggests the absence of obvious linear relationships between the input
parameters and these variables, reinforcing that a mathematical
regression model is unsuitable for predicting surface settlement, cutter
wear, or advance speed. The RF algorithm accurately captures nonlinear
mapping relationships between input variables and control targets to
obtain prediction results. In addition, the absolute value of the Pearson
correlation coefficient for the 12 input parameters is not greater than
0.5, indicating that the correlation among the input parameters is not
strong, the parameters are relatively independent, and the degree of
redundancy of the input parameters is weak.

3.2.2. Model hyperparameter optimization

The RF prediction model requires adjustments to three primary
hyperparameters: the number of decision trees (n_estimators), the
maximum depth of the decision trees (max_depth) and the number of
random features (max_features) [68]. While high hyperparameter values
generally improve model accuracy, there is a heightened risk of over-
fitting. Therefore, it is essential to carefully tune the hyperparameters to
optimize the predictive performance of the model.

Hyperparameter optimization in ML often involves the use of
methods such as grid search, random search, and Bayesian optimization
algorithms. However, grid search method becomes computationally
intensive when dealing with numerous parameters since it systemati-
cally explores all hyperparameter combinations, increasing susceptibil-
ity to dimensional constraints. Because the random search method seeks
the optimal hyperparameter combination in an infinite search space,
each search iteration is independent of the others, resulting in a high
variance in results. In this paper, Bayesian optimization is employed to
optimize the hyperparameters of the RF algorithm, which can solve
complex parameter search problems with only a small number of iter-
ations and obtain optimal hyperparameter values. To fully evaluate the
model performance and reduce fluctuations due to unreasonable data
partitioning, a quintuple cross-validation method is adopted. The entire
dataset is divided into five parts, four of which are used for training the
model and one for model evaluation. This process is iterated five times to
ensure the inclusion of all data in the model evaluation, providing a
comprehensive evaluation of the proposed model. The mean squared
error (MSE) serves as the loss function during model training.

To obtain the best prediction result, max _features is set to auto by
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Fig. 5. Shield construction of Metro Line 3: (a) the internal construction of the shield tunnel; (b) the shield machine operating system interface.

Table 2
Statistics for the input and output parameters.

Parameter Variable Data Unit

type Min Max Ave

Input Grouting amount (x;) 3.4 11.6 5.7 m?
Cutterhead speed 1.2 2.4 1.7 rad-min~!
(x2)
Gross thrust (x3) 7000 16000 11548 kN
Grouting pressure 0.92 2.46 1.90 bar
(x4)
Cutterhead torque 1218 3150 2091 kN-m
(xs)
Chamber earth 0.6 1.8 1.2 bar
pressure (xg)
Shield muck (x;) 45 82 54 m?
Foam agent (x3) 22.22 44.44 33.36 L
Burial depth (x9) 15.58 18.27 16.92 m
Cover-span ratio 2.41 2.82 2.62
(x10)
Internal friction 20 33 26 °
angle (x11)
Soil cohesion (x12) 150 230 190 kPa

Output Surface settlement -32.55 -0.22 -3.49 mm
(f1)
Cutter wear (f2) 0.13 0.23 0.17 mm
Advance speed (fs) 12.96  28.17 2248 mm-min!

default, max_depth and n_estimators are optimized and adjusted, and
the evaluation index of training performance is the MSE. max_depth and
n_estimators are set to initial ranges of [7,10] and [0, 100], respectively.
The optimization process of max_depth and n_estimators is illustrated in
Fig. 8, and the hyperparameter optimization results are presented in
Table 3.

3.2.3. Analysis of the predicted results

Among the 221 ring data obtained from monitoring, 177 ring data
are selected as the training set for building the prediction model for
surface settlement, cutter wear, and advance speed. The remaining 44
ring data constitute the test set to validate the constructed model.
Evaluation metrics including R%, RMSE, and MAE are computed for the
predicted results using Eqs. (11)-(13), and the results are visually pre-
sented in Fig. 9, with a detailed summary of prediction accuracy pro-
vided in Table 4.

As depicted in Fig. 9(a), the BO-RF model effectively captures the
intricate relationship between the input parameters and surface settle-
ment within the training sample set. The surface settlement results
predicted using the training set closely align with the actual observed
values. Following the training with the RF algorithm, the model is
applied to make predictions using the test set. The results in Fig. 9(a)
provide a more intuitive representation, demonstrating the good fitting
effect of the RF prediction model for surface settlement on the test set
data. The model exhibits a strong capacity to accurately predict values.

The outcomes presented in Table 4 demonstrate that the RF
algorithm-based models for predicting surface settlement, cutter wear,
and advance speed yield highly effective prediction results. Cheng et al.
[69] employed an RF model for predicting surface settlement caused by
shield construction and achieved good prediction performance. Wu et al.
[70] showed that the RF algorithm is an accurate predictor of cutter
wear through a comparison of prediction performance. Zhou et al. [71]
utilized the RF algorithm to accurately predict the advance speed of
TBM under hard rock conditions.

To assess its accuracy and validity, the proposed RF prediction model
is compared with alternative models, including BPNN, SVM, GBDT, and
LSTM models, as summarized in Table 5. Notably, the LSTM prediction
model demonstrates the highest accuracy in this study, with the RF
prediction model following closely. However, the LSTM model takes
twice as long as the RF model to obtain a prediction result, and the RF
algorithm has an advantage in terms of computational efficiency.
Therefore, this paper adopts the BO-RF algorithm to predict the surface
settlement, cutter wear and advance speed and introduces the trained
regression function as the optimized fitness function. Chen et al. [26]
showcased the superior performance of the RF algorithm compared to
BPNN and SVM in predicting surface settlement using six ML algorithms.
Tang et al. [72] demonstrated the efficiency of using an RF model with
suitable parameters for quickly and effectively predicting surface
settlement.

3.3. Model interpretability analysis based on SHAP

Given the inherent correlations among shield parameters, it is
impractical to qualitatively analyze the influence of a single parameter
on surface settlement, cutter wear, and advance speed. To address this
issue, the SHAP method is applied for a comprehensive analysis, offering
insights into the contribution of each construction parameter to the
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predicted results. This analysis encompasses both positive and negative
contributions, enabling the identification of important construction
parameters that significantly impact the control objectives. The SHAP
analysis results of the input parameters for surface settlement, cutter
wear and advance speed are presented in Fig. 10. These findings serve as
a valuable foundation for decision-making in shield construction man-
agement and control, providing guidance on the key parameters that
warrant close attention.

Fig. 10 illustrates the order of influence of the input parameters on
surface settlement as follows: chamber earth pressure, gross thrust,
grouting amount, cutterhead speed, grouting pressure, shield muck,
cutterhead torque, burial depth, cover-span ratio, foam agent, soil
cohesion, and internal friction angle. The order of influence of the input
parameters on cutter wear is as follows: chamber earth pressure, cut-
terhead speed, cutterhead torque, gross thrust, foam agent, shield muck,
internal friction angle, grouting amount, soil cohesion, grouting pres-
sure, burial depth, and cover-span ratio. The order of influence of the
input parameters on advance speed is as follows: chamber earth pres-
sure, gross thrust, shield muck, cutterhead speed, foam agent, grouting
pressure, soil cohesion, cutterhead torque, grouting amount, internal
friction angle, burial depth and cover-span ratio. The results show the
following:
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Fig. 8. The results of the RF algorithm: (a) surface settlement; (b) cutter wear; (c) advance speed.

Table 3
Results of the Bayesian optimization of RF hyperparameters.
Optimization Hyperparameters ~ Optimal Optimized MSE Table 4
objective range result Target prediction accuracy.
Surface settlement  n_estimators (0,100) 71 0.0150 Forecast target Dataset type Prediction accuracy
max_depth (7,10) 7 >
Cutter wear n_estimators (0,100) 84 0.0023 R RMSE MAE
max_depth (7,10) 9 Surface settlement Training set 0.947 0.162 0.131
Advance speed n_estimators (0,100) 62 0.0195 Test set 0.930 0.172 0.138
max_depth (7,10 7 Cutter wear Training set 0.963 0.111 0.081
Test set 0.931 0.153 0.114
Advance speed Training set 0.959 0.122 0.103
(1) The chamber earth pressure is the main shield construction Test set 0.938 0.138 0.112
parameter that greatly impacts the surface settlement, cutter
wear and advance speed. Excessive pressure in the soil chamber
can cause the soil in front of the TBM to be squeezed, resulting in Table 5
surface uplift, while insufficient pressure can lead to the soil Prediction performance of different models.
moving toward the soil chamber, causing surface settlement. Forecast Prediction prediction model
Both scenarios can cause different degrees of stratum deforma- target accuracy
tion. Ling et al. [14] emphasized the significance of chamber BO- BO- BO- BO- BO-
- . BPNN  SVM GBDT  RF LSTM
earth pressure as a key factor influencing surface settlement. ~
Zhang et al. [73] emphasized the high relative importance of Surface R 0845 0902 0872 0.930  0.961
hamb h in relati ‘ ] settlement ~ RMSE 0275 0237 0206  0.172  0.143
chamber eart pressure in re ation to surface settlement. MAE 0234 0203 04173 0138 0116
(2) Shield construction parameters such as the gross thrust, cutter- Cutter wear R2 0.901 0.943  0.927 0.931  0.970
head speed, cutterhead torque, grouting amount, grouting pres- RMSE 0.175 0153  0.150  0.153  0.102
sure and shield muck amount have similar effects on the three . MAE 0142 0132 0126 0114  0.062
. Advance R 0.862  0.896 0910  0.938  0.967
rgets. The gr hr TV he driving force for TBM
targets. The gross thrust serves as the driving force fo speed RMSE 0220 0211 0205 0138 0.136
advancement. As the gross thrust increases, the disturbance to the MAE 0171 0169 0161 0112 0.111
soil also intensifies, leading to increased surface settlement
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Fig. 9. Prediction results: (a) surface settlement; (b) cutter wear; (c) advance speed.
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Fig. 10. SHAP analysis results for each input parameter for the control targets: (a) surface settlement; (b) cutter wear; (c) advance speed.

during construction [74]. Increasing the cutterhead speed can
improve the advance speed, reduce the disturbance time of the
soil layer, and alleviate the surface settlement caused by the
compression of the underlying soil layer by the TBM [27]. A

12

proper cutterhead torque can mitigate the disturbance caused by
cutterhead rotation to the surrounding soil layer and the
circumferential friction between the shield shell and the soil
layer, thereby decreasing surface settlement [75]. When the
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grouting amount is less than the building gap or the grouting
pressure is less than the initial earth pressure, the surface above
the shield tail settles. When the grouting amount is greater than
the building gap or the grouting pressure is greater than the
initial earth pressure, the soil mass will be destroyed by passive
compression, and the surface above the shield tail will be uplifted
[76,77]. The amount of shield muck affects the chamber pressure
and ground behavior during excavation. A small amount of shield
muck can lead to greater chamber pressure and ground heave,
while a large amount of shield muck can result in low chamber
pressure and surface settlement due to excessive ground loss at
the excavated surface [78].

(3) The influence of construction parameters (x;-xg) on the three
targets is greater than that of geometric parameters (x9-x10) and
geological parameters (x11-Xx12). Fig. 10 illustrates that the effects
of the tunnel burial depth, span ratio, internal friction angle and
soil cohesion are relatively small because of the relatively
concentrated distribution of these factors in the sample dataset.
Although geological parameters in actual engineering have a
considerable impact on surface settlement, cutter wear and
advance speed, the shield tunneling stratum in this study is ho-
mogeneous, and the soil around the shield is relatively simple,
with very small differences in various properties; thus, the impact
on surface settlement, cutter wear and advance speed is relatively
small.

3.4. Multiobjective optimization of shield construction parameters based
on BO-RF-NSGA-III

In actual engineering, only a few shield construction parameters can
be adjusted, and many resources are required to adjust all the parame-
ters, which is not cost effective. Therefore, based on model interpret-
ability analysis and the relevant literature [14,45], the three most
influential shield construction parameters, namely, cutterhead speed x3,
gross thrust x3 and chamber earth pressure xg, are chosen for adjustment
to minimize surface settlement and cutter wear and maximize advance
speed. These parameters are explored in seven different scenarios, as
presented in Table 6. The other parameters are set according to the
average values. In scenarios 1-3, only one shield construction parameter,
X3, X3 Or Xg, is adjusted. In scenarios 4-6, two shield construction pa-
rameters are adjusted: x; and x3 in scenario 4, xz and X in scenario 5,
and x3 and xg in scenario 6. In scenario 7, three shield construction
parameters are adjusted.

3.4.1. Determination of the objective function and constraints

Before multiobjective optimization, the relationships between the
shield construction parameters and surface settlement, cutter wear, and
advance speed can be fitted via RF regression prediction. The resulting
regression function can subsequently serve as the fitness function for
multiobjective optimization. Taking scenario 7 as an illustration, the
objective functions for surface settlement, cutter wear, and advance
speed, derived from the RF algorithm, are expressed in Eq. (22).

minf; = min[RF(x, X3, X6)]
minf, = min[RF (xy, X3, X)) (22)
maxf; = max[RF(xz,x3,Xs)]

where fi1, f» and f5 are fitness functions of surface settlement, cutter wear

Table 6
Parameters adjusted in each scenario.

Scenarios Adjustment parameter Scenarios Adjustment parameter
Scenario 1 Xo Scenario 5 X2,Xe

Scenario 2 X3 Scenario 6 X3,X6

Scenario 3 X6 Scenario 7 X2,X3,X6

Scenario 4 X2,X3
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and advance speed, respectively, and x3, x3 and x¢ are the cutterhead
speed, gross thrust and chamber earth pressure, respectively.

To ensure that the shield construction parameters generated during
optimization are practical, it is important to establish reasonable limits
for each decision variable based on actual project conditions and rele-
vant specifications. The initial decision variable ranges in this paper are
determined based on reasonable parameter ranges for the specific shield
type as the main reference, as shown in Table 7.

3.4.2. Obtaining a Pareto front

Prior to the multiobjective optimization of BO-RF-NSGA-III, the
model parameters are set. With reference to previous literature [79], the
parameters of the NSGA-III are set. The GA target number is set to 3,
with a population size of 100. The crossover operator is set to 0.7, the
mutation operator is set to 0.01, and the maximum number of iterations
is set to 60. Once the parameters are set, the NSGA-III algorithm is
executed to obtain the Pareto front solution set.

Figs. 11-17 show the optimization results for scenarios 1-7. With
Fig. 11 as an example, Fig. 11(a) depicts the Pareto frontier of the target,
and Fig. 11(b) showcases the improvement percentage of the Pareto
solution set. A comparison of the improvement degrees of the three
targets in the different scenarios is presented in Fig. 18. The optimiza-
tion results for surface settlement, cutter wear and advance speed in the
different scenarios are shown in Table 8.

3.4.3. Analysis of results

According to the multiobjective optimization results, multiple shield
construction parameter optimization schemes can be obtained based on
NSGA-IIL In practice, only one optimized scheme is necessary to provide
guidance for field construction. To achieve the best optimization effect,
the ideal point method is employed to identify the optimal decision from
the Pareto solution set. With scenario 1 as an example, Fig. 11 shows
that the ideal point coordinates formed when the surface settlement,
cutter wear and advance speed reach the optimal values are E (-2.93,
0.144, 26.54). These coordinates are subsequently applied in Eq. (20) to
calculate the distance between each Pareto solution and the ideal point.
The selection of the optimal decision in the multiobjective optimization
of shield construction parameters is based on the point with the smallest
distance from the target, as determined by Eq. (21). The results showed
that the surface settlement is 3.03 mm, the cutter wear is 0.166 mm, and
the advance speed is 26.54 mm-min ! at this point. The average
improvement percentage is 11.74 % when compared to the original data
sample average. The optimal decisions under the seven scenarios are
shown in Table 8.

(1) This method effectively addresses multiobjective problems by
optimizing and controlling surface settlement, cutter wear, and
advance speed in the seven scenarios. The method consistently
constructs the Pareto front and yields optimal decisions for each
scenario, as shown in Figs. 11 to 17. As detailed in Table 8,
compared with the average for the original samples, the average
improvement percentage in the seven scenarios is 12.56 %. A case
study further verifies these multiobjective optimization results.
This demonstrates that the solution derived from the BO-RF-
NSGA-III framework successfully achieves the triple objective of
reducing surface settlement and cutter wear and increasing the
advance speed.

Table 7
Input parameter ranges.

Shield construction parameter Parameter range

Cutterhead speed (x;)/(rad-min 1) 1<x3<3
Gross thrust (x3)/kN 7000 < x3 < 16000
Chamber earth pressure (xg)/bar 0<xc<2
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Fig. 11. Optimization results in scenario 1: (a) Pareto frontier; (b) improvement percentage of the Pareto solution set.
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Fig. 14. Optimization results in scenario 4: (a) Pareto frontier; (b) improvement percentage of the Pareto solution set.
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Fig. 16. Optimization results in scenario 6: (a) Pareto frontier; (b) improvement percentage of the Pareto solution set.
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Table 8

The degree of improvement of the three objectives in different scenarios.

Optimization objectives

Adjusted parameter

Average
Original X2 X3 X6 Xo+X3 X2+Xe X3+Xe Xo+X3+Xe
fi Mean -3.49 -3.19 -3.21 -3.13 -3.05 -2.91 -2.96 -2.79 -3.03
/mm (8.48 %) (7.84 %) (10.12 %) (12.58 %) (16.54 %) (15.21 %) (19.89 %) (12.95 %)
fa Mean 0.174 0.163 0.154 0.158 0.144 0.149 0.139 0.135 0.149
/mm (5.92 %) (11.06 %) (9.12 %) (16.73 %) (14.29 %) (19.62 %) (21.97 %) (14.32 %)
f3 Mean 22.48 24.56 23.89 23.15 25.73 25.22 24.90 26.35 24.83
/(mm-min~1) (9.24 %) (6.23 %) (2.94 %) (14.44 %) (12.16 %) (10.74 %) (17.70 %) (10.42 %)
Average improvement percentage - 7.88 % 8.38 % 7.40 % 14.58 % 14.33 % 15.19 % 19.67 % 12.56 %
fi Optimal solution -3.49 -3.03 -3.12 -3.00 -3.04 -3.04 -3.13 -3.05 -3.05
/(mm) (12.97 %) (10.48 %) (13.99 %) (12.71 %) (12.80 %) (10.12 %) (12.54 %) (12.23 %)
f2 Optimal solution 0.174 0.166 0.158 0.156 0.147 0.130 0.140 0.138 0.148
/(mm) (4.24 %) (8.71 %) (10.34 %) (15.28 %) (24.93 %) (19.54 %) (20.34 %) (14.77 %)
f3 Optimal solution 22.48 26.54 26.01 23.83 27.71 27.54 27.47 27.98 26.73
/(mm-min ") (18.02 %) (15.67 %) (5.98 %) (23.22 %) (22.50 %) (22.18 %) (24.45 %) (18.86 %)
Average improvement percentage - 11.74 % 11.62 % 10.10 % 17.07 % 20.08 % 17.28 % 19.11 % 15.29 %

Note: The values in brackets are the improvement percentages of the optimized values compared with the means of the original data.
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(2) As more shield construction parameters are adjusted, the opti-
mization control of surface settlement, cutter wear and driving
speed improve. As shown in Table 8, in scenarios 1-3, when only
one shield construction parameter is adjusted, the average
improvement percentage is 7.89 %. When two shield construction
parameters are adjusted in scenarios 4-6, the average improve-
ment percentage is 14.70 %. Adjusting the three shield con-
struction parameters simultaneously in scenario 7 yields the
highest average improvement of 19.67 %. Fig. 18(a) shows that
the ground settlement and cutter wear of the optimal Pareto so-
lution generated in scenario 7 are lower than those generated in
scenarios 1-6, and the tunneling speed of the optimal Pareto so-
lution generated in scenario 7 is greater than that of the optimal
Pareto solution generated in scenarios 1-6. The results show that
adjusting three shield construction parameters yields the best
optimization effect. Therefore, identifying and adjusting addi-
tional shield construction parameters can enhance the optimi-
zation effect. Guo et al. [35] showed that by considering more
parameters and constraints, a multiobjective optimization prob-
lem can be further optimized. Zhang et al. [34] showed that
optimizing more objectives and new variables will enhance the
optimization effect. However, it takes more time to adjust more
shield construction parameters.

(3) Conflicts exist among the three objectives, and there is a complex
relationship between the shield construction parameters and the
optimization objectives. As shown in Fig. 15, the Pareto frontier
solution is widely distributed, covering the two extremes of goals
f1, f> and f3. The optimization of one goal needs to be achieved at
the expense of the other two goals. Conflicts exist among the
three goals, and it is difficult to achieve simultaneous optimiza-
tion of multiple goals. In addition, different shield construction
parameters can improve different optimization objectives to
different degrees. For target f;, the average percentage
improvement is 14.37 % for the scenario considering parameter
X2, 13.88 % for the scenario considering parameter x3, and 15.44
% for the scenario considering parameter x¢. For target f, the
average percentage improvement is 14.73 % for the scenario
considering parameter x2, 17.35 % for the scenario considering
parameter x3, and 16.25 % for the scenario considering param-
eter xg. For target f3, the average percentage improvement is
13.24 % for the scenario considering parameter x3, 12.13 % for
the scenario considering parameter x3, and 10.74 % for the sce-
nario considering parameter x¢. By comparison, parameter xs has
a considerable influence on the optimization improvement of
target f1, parameter x3 has a considerable influence on the opti-
mization improvement of target f,, and parameter x, has a
considerable influence on the optimization improvement of
target f3. Preferentially adjusting the shield construction param-
eters associated with the corresponding targets can improve the
efficiency and effectiveness of modeling, especially if the control
requirement for a certain target is high in practical engineering.

4. Discussion

The case study strongly supports the effectiveness of this method for
minimizing surface settlement and cutter wear and maximizing advance
speed by optimizing and adjusting shield construction parameters. In
practice, however, more than three objectives may need to be consid-
ered simultaneously. In this section, we introduce a fourth objective to
assess the scalability of the proposed method.

The fourth objective of optimization is to minimize the energy con-
sumption of the shield machine drive system. Incorrect estimations of
energy consumption may lead to issues such as cutter wear and the
fracture of the shield machine, and damage to the electromechanical
machine. Consequently, the energy consumption of the shield machine
drive system serves as a crucial indicator for assessing the cost and
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efficiency of shield construction [80]. The same steps as in the method
developed in Section 4 are followed for optimization. Fig. 19 shows the
percentage improvement in the optimization of the Pareto solution set
under the different scenarios. Fig. 20 provides a comparison of the re-
sults for different scenarios, and Fig. 21 illustrates a comparison of the
optimization results considering three or four objectives. The optimi-
zation results of each scenario are presented in Table 9.

(1) This method demonstrates exceptional scalability, efficiently
addressing problems involving more than three objectives. The
surface settlement, cutter wear, advance speed and energy con-
sumption of the shield machine drive system are well optimized
and controlled in the seven scenarios. Fig. 19 shows the per-
centage improvement in the optimization of the Pareto solution
set under the different scenarios. Compared with the average for
the original data sample, the average improvement percentage in
the seven scenarios is 10.66 %.

(2) When the four-objective optimization is carried out, additional
adjustments of the shield construction parameters can improve
the degree of optimization of the objective. As shown in Table 9,
in scenarios 1-3, when only one shield construction parameter is
adjusted, the average improvement percentage is 6.25 %. When
two shield construction parameters are adjusted in scenarios 4-6
at the same time, the average improvement percentage is 12.82
%. Adjusting the three shield construction parameters simulta-
neously in scenario 7 yields the highest average improvement of
17.39 %. The study results demonstrate that optimizing the three
shield construction parameters yields the best effect in multi-
objective optimization.

(3) The optimization considering the fourth objective highlights
conflicts among objectives in the multiobjective optimization
problem. As indicated in Table 9, the consideration of the fourth
objective leads to a reduction in the optimization improvement
for the first three objectives, resulting in decreases of 1.82 %,
1.68 %, and 2.23 %, respectively, on average. There are conflicts
among the four objectives, and it is difficult to optimize multiple
goals simultaneously. Due to certain conflicts among different
goals, the optimization of one factor may occur at the expense of
another [70]. This shows that when considering new goals, the
relationships among goals may be complex and nonintuitive, and
it may be difficult to achieve the optimization and improvement
of all goals at the same time. Guo et al. [45] carried out the
multiobjective optimization of the tunnel damage problem and
verified the conflict among the objectives of the multiobjective
optimization problem in complex underground engineering. He
et al. [81] also found that there are certain conflicts among the
objectives in multiobjective optimization problems, and it is
difficult to optimize these objectives simultaneously.

5. Conclusion

To ensure the safety, economy, and efficiency of tunnel construction,
minimizing surface settlement and cutter wear while enhancing advance
speed is crucial. This paper establishes a multiobjective optimization
model for shield construction parameters, leveraging the BO-RF-NSGA-
III framework within the context of Guiyang Rail Transit Line 3. An RF
model predicts surface settlement, cutter wear, and advance speed, and
NSGA-III optimizes the shield construction parameters. The optimal
decision is obtained through the ideal point method.

(1) The BO-RF method can reliably predict the surface settlement,
cutter wear and advance speed. Its prediction accuracy for the
test set surpasses that of the BO-BPNN, BO-SVM, and BO-GBDT
models, with greater efficiency than the BO-LSTM model. The
R? value for surface settlement prediction is 0.930, with an RMSE
0f 0.172 and MAE of 0.138. For cutter wear, the R? is 0.931, with
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Fig. 19. Improvement percentage of the Pareto solution set under different scenarios: (a) scenario 1; (b) scenario 2; (c) scenario 3; (d) scenario 4; (d) scenario 5; (f)

scenario 6; (g) scenario 7.

an RMSE of 0.153 and MAE of 0.114. Additionally, the R? for
advance speed prediction is 0.938, with an RMSE of 0.138 and
MAE of 0.112.

(2) The BO-RF algorithm identifies three key influencing factors, and
optimization is performed under seven different scenarios to
achieve the multiobjective optimization of surface settlement,
cutter wear, and advance speed. Based on the proposed optimi-
zation principle, the optimal scheme is determined through

calculations by adjusting three key shield construction parame-
ters, namely, the chamber earth pressure, gross thrust and cut-
terhead torque. Compared with the average of the original
sample, the average improvement percentage in the seven sce-
narios is 12.56 %. By adjusting the three key shield construction
parameters at the same time, the average improvement percent-
age is maximized at 19.67 %.
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(3) Considering a fourth objective, the multiobjective optimization
model is further improved, but due to the conflicts among the
objectives, the optimization of the fourth objective reduces the
optimization improvement compared to that in the case with only
three objectives; notably, the energy consumption of the shield
machine drive system is reduced by 10.70 %, and the surface
settlement, cutter wear and advance speed optimization perfor-
mance is reduced by 1.82 %, 1.46 % and 2.23 %, respectively.

This study has several potential limitations. First, although the shield
parameters are adjusted and optimized to optimize the surface settle-
ment, cutter wear and advance speed, the sample data used are only
from a single engineering case. Future research should be based on
additional engineering samples to augment the sample size and extend
the application scope of the proposed method. Second, because the
synchronous grouting hole is located behind the excavation face, the

1 1 |
Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7

(b)

Fig. 21. Comparison of the results of three-objective optimization and four-objective optimization: (a) surface settlement; (b) cutter wear; (c) advance speed.
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(c)

grouting parameters (grouting pressure and grouting amount) have a
certain lag phenomenon compared to other inputs, so special treatment
is needed. Additionally, different engineering projects have different
objective requirements. When prioritizing a particular objective, it be-
comes essential to validate the effectiveness of the proposed method in
the specific context of a project. Finally, Guizhou Province, where the
metro case project is located, is the core area of contiguous karst land-
forms in southwestern China, and the concealed nature and uncertainty
of various karst caves contained in karst landforms are major threats to
tunnel construction.

Based on this study, the construction party of the China Railway
Tunnel set up a shield tunnel test section, and the Line 3 shield tunnel
was finished one year ahead of the original plan. The geological con-
ditions of China and other parts of the world are different. According to
the specific geological conditions, future research can further improve
the multiobjective optimization model of shield parameters. According
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Table 9
The degree of improvement of the four objectives in different scenarios.
Optimization objectives Adjusted parameter Average
Original X2 X3 X6 X2+X3 X2+Xe X3+Xe X2+X3+Xe

f Mean -3.49 -3.25 -3.28 -3.20 -3.11 -2.98 -3.03 -2.85 -3.10
/mm (6.81 %) (6.01 %) (8.11 %) (10.91 %) (14.59 %) (13.16 %) (18.35 %) (11.13 %)

fa Mean 0.174 0.164 0.157 0.160 0.147 0.150 0.142 0.139 0.151
/mm (5.57 %) (9.33 %) (7.74 %) (15.00 %) (13.36 %) (17.89 %) (19.61 %) (12.64 %)

f3 Mean 22.48 23.80 23.43 23.11 25.13 24.70 24.48 25.68 24.33
/(mm-min~") (5.85 %) (4.19 %) (2.81 %) (11.78 %) (9.86 %) (8.86 %) (14.19 %) (8.19 %)

fa Mean 737.75 700.15 679.67 687.26 652.74 641.21 631.18 619.70 658.85
/(kW-h) (5.10 %) (7.87 %) (6.84 %) (11.52 %) (13.09 %) (14.44 %) (16.00 %) (10.70 %)

Average improvement percentage - 6.08 % 6.51 % 6.15 % 12.56 % 12.60 % 13.30 % 17.39 % 10.66 %

fi Optimal solution -3.49 -3.36 -3.18 -3.27 -3.34 -3.00 -3.41 -2.48 -3.15
/mm (3.58 %) (8.90 %) (6.34 %) (4.02 %) (13.91 %) (2.21 %) (28.97 %) (9.70 %)

fa Optimal solution 0.174 0.162 0.164 0.163 0.153 0.148 0.142 0.144 0.154
/mm (6.85 %) (5.29 %) (6.32 %) (12.01 %) (14.55 %) (18.39 %) (16.89 %) (11.47 %)

f3 Optimal solution 22.48 22.64 24.27 22.72 26.39 25.78 24.33 23.97 24.30
/(mm-min~1) (0.70 %) (7.95 %) (1.03 %) (17.36 %) (14.67 %) (8.21 %) (6.61 %) (8.07 %)

fa Optimal solution 737.75 601.44 610.21 588.16 588.97 444.89 513.77 550.87 556.90
/(kW-h) (18.48 %) (17.29 %) (20.28 %) (20.17 %) (39.70 %) (30.36 %) (25.33 %) (24.51 %)

Average improvement percentage - 3.71 % 7.38 % 4.56 % 11.13 % 14.38 % 9.60 % 17.49 % 9.75 %

to the characteristics of specific engineering projects, different objec-
tives should be assigned corresponding weights to optimize and adjust
the shield construction parameters. Additionally, the possible negative
influence of the hysteresis effect of grouting parameters can be reduced
or compensated for to further improve the efficiency and safety of tunnel
construction processes.
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