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Abstract: Shield tunnels are designed as permanent transportation infrastructure with a service life of up to 100 years.
To investigate the failure process and underlying mechanisms of shield tunnel structures and to ensure metro
operational safety, this study proposes a damage prediction framework that integrates high fidelity numerical simulation
with machine learning. First, a refined numerical model of a shield tunnel structure is developed by adopting a total
strain crack model to represent concrete nonlinearity, while explicitly considering the effects of local manhole
weakening, multiple contact interfaces, and embedded reinforcement. The reliability of the model is verified against
available experimental results. Subsequently, failure simulations under ultimate bearing conditions are conducted to
elucidate structural stress and deformation responses as well as reinforcement stress evolution, thereby revealing
detailed damage characteristics of the tunnel structure. A particle swarm optimization algorithm is then employed to
optimize key hyperparameters of a long short term memory network, including the number of hidden units, the optimal
initial learning rate, and the L2 regularization coefficient. On this basis, a particle swarm optimization (PSO) long
short-term memory (LSTM) damage prediction model is established. Training samples are generated from numerical
simulations, enabling accurate prediction of crack width evolution in shield tunnels under ultimate loading conditions.
The results indicate that the numerical model exhibits good agreement with experimental observations, demonstrating
sufficient reliability. The structural failure process can be divided into three stages, namely the linear elastic stage, the
local damage stage, and the global failure stage. The proposed PSO-LSTM model achieves a root mean square error
(RMSE) of 0.1033 and a coefficient of determination (R?) of 0.9487 in crack width prediction, outperforming
backpropagation neural network (BP), convolutional neural network (CNN), and conventional LSTM models in both
accuracy and stability. The proposed approach provides effective guidance for monitoring and protection of metro
tunnels and contributes to improving operational safety.

Keywords: Shield tunnel; ultimate bearing capacity; failure mechanism; machine learning; prediction model; crack
width

1. Introduction

Metro systems as a crucial component of urban rail
transit, play an important role in alleviating traffic
congestion and have been widely adopted in cities
worldwide. Shield tunnels constructed in soft soil
deposits are particularly vulnerable to disturbances
induced by surrounding construction activities, such as
surface surcharge loading [1], excavation of adjacent
foundation pits [2], and seismic excitation [3]. These
external actions can inevitably lead to various structural

defects, including segment cracking and damage [4],

joint dislocation, and water leakage [5], and in severe
cases may trigger global instability and structural failure
[6][71[8]. To ensure the long term service performance of
shield tunnel structures, it is therefore essential to clarify
the failure process and mechanisms of tunnel segments
under ultimate loading conditions, thereby safeguarding
metro operational safety.

Extensive studies have been conducted worldwide
on the service performance of shield tunnel structures,
yielding substantial achievements. In terms of simplified
analytical approaches, Huang et al. [9] proposed an
analytical method for

evaluating the longitudinal
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mechanical response of shield tunnels, in which soil
structure interaction and joint shear resistance were taken
into account, and the validity of the method was verified
through finite element analysis. Chen et al. [10] derived
the mechanical response of shield tunnels under opening
conditions using a state space approach, and showed that
an increase in opening ring displacement leads to a
reduction in internal forces, while the influence of
openings is closely related to the surrounding geological
conditions. Feng et al. [11] investigated circumferential
joints connected by inclined bolts, analyzed the nonlinear
relationship between shear stiffness and joint dislocation
at different bolt positions, and derived the deformation
and internal force responses of shield tunnels subjected
to surface surcharge loading, with validation provided by
numerical simulations. Feng et al. [12] further proposed
a new analytical model for multi ring shield tunnels,
which accurately captures the nonlinear deformation
behavior of stagger joint assemblies and was validated
through full scale experiments. To overcome the
limitations of analytical theories, numerical simulations
and laboratory experiments have been widely employed
to explore damage and failure mechanisms of shield
tunnels. Zhu et al. [13] based on resilience theory,
developed a refined numerical model to investigate the
structural response characteristics and resilience
evolution of shield tunnels with different burial depths
under surface loading and unloading. The results
indicated that tunnel resilience decreases rapidly with
increasing horizontal convergence, whereas shortening
response time and improving repair efficiency can
effectively enhance structural resilience. Sun et al. [14]
considered the discontinuous deformation characteristics
of interfaces in steel plate reinforced shield tunnels and
performed numerical analyses under ultimate bearing
conditions, demonstrating that interface failure is the
direct cause of reinforced structural failure. Liu et al. [15]
proposed an improved lightweight epoxy bonded steel
plate strengthening scheme and investigated the load
bearing mechanism and failure process through full scale
experiments and numerical simulations. Their results
showed that structural strengthening increased the
ultimate bearing capacity by 21 percent and exhibited
ductile failure behavior. Yu et al. [16][17] based on the

total strain crack model, established refined numerical

models for shield tunnels and double lining structures,
and in combination with resilience theory, examined
progressive failure characteristics and discussed the
influence of strengthening vertical deformation on
structural performance.

In recent years, machine learning based neural
network prediction methods [18][19][20] have attracted
increasing attention due to their strong self learning and
data analysis capabilities, which enable them to uncover
latent patterns in data and effectively address time series
prediction problems. To date, several studies have
applied neural networks to prediction tasks in tunnel
engineering. Zhou et al. [21] developed a genetic
algorithm-Bi-directional Long Short-Term Memory
(GA-Bi-LSTM) based settlement prediction model for
existing tunnels. Relying on field engineering data, the
model was trained and tested using monitored settlement
records and corresponding input parameters, providing a
new approach for predicting settlement induced by
newly constructed tunnels passing beneath existing ones.
Sun et al. [22] employed a PSO optimized LSTM
network to predict surface settlement at the portal of a
mountain tunnel during construction and to assess the
average collapse risk of the section. Lin et al. [23] based
on an actual engineering project, adopted a physics
informed neural network approach to predict the
longitudinal deformation of a super large diameter
shallow buried shield tunnel and conducted comparative
analyses with five other algorithms. To address the so
called black box issue inherent in many machine learning
algorithms, Chen et al. [24] proposed a novel data and
experience driven prediction framework to estimate
ground settlement induced by shield tunnel excavation,
achieving effective prediction of settlement curve
characteristics. A review of existing studies indicates that
neural network based prediction methods have been
predominantly applied to settlement and deformation
problems in tunnel engineering, whereas predictive
research focusing on failure and damage evolution of
shield tunnels under ultimate loading conditions remains
limited. Therefore, it is necessary to develop an
appropriate neural network based approach to predict
shield tunnel failure processes, thereby contributing to
the safe operation of metro systems.

In this study, a refined structural model of shield



tunnel segments is established based on the total strain
crack model to investigate failure mechanisms under
ultimate bearing conditions. An LSTM network is
selected as the base predictive model, and a particle
swarm optimization algorithm, which iteratively updates
particle velocities and positions to identify the global
optimum, is
parameters. On this basis, a PSO optimized LSTM

employed to optimize key network

prediction model is developed to characterize damage
evolution of shield tunnels under ultimate loading. The
model is trained and tested using data validated by full
scale experiments, and its performance in crack width
prediction is comparatively evaluated against BP, CNN,
and conventional LSTM models, thereby demonstrating
the reliability of the proposed PSO-LSTM framework.

2. Methodology

An overview of the proposed methodology is
illustrated in Fig. 1. The framework integrates numerical
simulation and machine learning to develop a hybrid
neural network model for predicting damage in shield

tunnels. First, concrete nonlinearity is represented using
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a total strain crack model. The effects of local manhole
weakening, multiple contact interfaces, and embedded
reinforcement are explicitly considered to establish a
refined structural model of the shield tunnel, whose
reliability is validated against existing experimental
results (Step 1, Section 2.1). Subsequently, failure
simulations under ultimate bearing conditions are
performed to comprehensively analyze structural stress
deformation behavior and reinforcement stress evolution,
thereby obtaining detailed damage characteristics of the
shield tunnel and extracting crack width as the key
indicator for damage prediction (Step 2, Section 2.2). A
particle swarm optimization algorithm is then employed
to optimize critical hyperparameters of the long short
term memory network, including the number of hidden
units, the optimal initial learning rate, and the L2
regularization coefficient, leading to the development of
a PSO optimized LSTM damage prediction model (Step
3, Section 3.4). Finally, datasets generated from
numerical simulations are used to achieve accurate
prediction of crack width evolution in shield tunnels
under ultimate loading conditions (Step 4, Section 3.5).
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Fig. 1. Flowchart of this study

2.1 Refined model
2.1.1 Model development
The numerical model was established based on the

actual dimensions of the Shanghai Metro tunnel project.
The shield tunnel segment has an outer diameter of 6.2 m,
an inner diameter of 5.5 m, a thickness of 0.35 m, and a

LSTM Hidden Layers ~ Output Layer



ring width of 1.2 m. Staggered assembly was adopted.
The segmental lining consists of one key segment with a
central angle of 16°, two adjacent segments with central
angles of 65°, two standard segments with central angles
of 65°, and one invert segment with a central angle of
84°, as shown in Fig. 2. Adjacent segments are connected
by 12 circumferential curved bolts of type M30. The
contribution of reinforcement is explicitly considered in
the model. The diameters of the inner and outer main
longitudinal rebars are 22 mm and 16 mm, respectively,
while the
Reinforcement is simulated using embedded truss
elements L6TRU, which are embedded within the
concrete segments. Both the bolts and the segments are

stirrups have a diameter of 10 mm.

modeled using three dimensional solid elements HX24L,
and the interaction between bolts and segments is
described using a Coulomb friction model. The contact
behavior between adjacent segment joints is simulated
using interface elements, which can accurately capture

the sliding and rotational behavior of longitudinal joints.

Tt
ot
T

The normal and tangential stiffnesses of the interface are
taken as 8x10® N/m? and 5x10" N/m3, respectively.
Based on the above assumptions, a refined three ring
staggered assembled shield tunnel segment model is
established, as shown in Fig. 3.

Fig. 2 Segmental lining configuration of the shield tunnel

Circumferential bolt

Reinforcement cage

Fig. 3 Refined analytical model of the shield tunnel segment structure

2.1.2 Constitutive model and material parameters
The concrete segments are simulated using the total

strain crack model, in which stress evolution is primarily

described as a function of strain. This model is capable
of accurately capturing the nonlinear behavior of

concrete under combined tension, compression, and



shear. The core concept of the model is to consider
cracking strain &, and elastic strain &, in a unified
framework, while the stress magnitude is determined
according to the crack orientation. The strain vector of an
element & expressed in the global Cartesian coordinate
system xyz can be written as:

t+At t t+At

= gxyz +i+l Agxyz (1)

Based on the strain transformation matrix 7, the

transformed strain vector & _,_ is expressed as:

t+At t+At
i Ene =1 € 2

nst i+1 Xyz

According to the relationship between the crack
orientation and the principal stress direction, the total
strain crack model can be classified into the fixed crack
model and the rotating crack model. In the rotating crack
model, the principal stress direction of the element
governs the strain transformation matrix 7, which can be

expressed as:

T — T(t+At (3)

i+1 gxyz

For the fixed crack model, the stress vector
t+At

] O,y Inthe crack coordinate system is given by:
t+At t+A
1:1 O-nst = f(i:l tgnst’e) (4)
where 6 represents the threshold value of the

included angle between different cracks.
Finally, the stress vector in the element coordinate
system can be obtained as:

t+AL TiHAl
i+1 O-xyz (5)

=T"in O st

In this study, the crack propagation behavior is
described using the rotating crack model. The material
parameters adopted for concrete and reinforcement are
summarized in Table 1. The embedded reinforcement
and connecting bolts are modeled using a Von-Mises
plastic hardening constitutive law. The reinforcement is
and the
thickness of the concrete cover is taken as 50 mm.

simulated with embedded truss elements,

Tab.1. Material parameters
Young's Poisson Tensile Compressi
Material Type modulus/M 's ratio stress/M ve
Pa Pa stress/MPa
Segment 5, 3.45x10° 0.2 1.89 23.1
al lining
Rebar HR?33 2x10° 0.3 335 —
Jointni3g 21108 0.2 400 —
bolts

2.1.3 Loading procedure

The loading scheme and loading process are
illustrated in Fig. 4. The numerical loading protocol
follows the full scale experimental setup and includes a
total of 24 loading points. These points are arranged at
angular intervals of 15° about the tunnel center and are
subjected to radial loads directed toward the tunnel axis,
applied by hydraulic jacks and denoted as P1, P2, and P3.
Load P1 is applied at the tunnel crown and invert,
comprising six loading points in total. Load P2 is applied
at the haunch on both sides of the tunnel, with ten
loading points. The remaining points are subjected to
load P3.

U1=U3=0
UR1=UR2=UR3=0
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Fig. 4. Loading scheme for failure analysis of the shield tunnel

As shown in Fig. 4(c), the loading process is
divided into two stages. In the first stage, the loads P1,
P2, and P3 increase linearly from zero. Load P2 is
increased to 275 kN and then held constant, while P1 and
P3 are 1.54xP2 and 0.5%(P1+P2),
respectively. In the second stage, Pl continues to

increased to

increase linearly until the maximum load is reached,
corresponding to structural bearing failure, while P2
remains constant. Throughout the entire loading process,
P3 increases linearly and is maintained at 0.5%(P1 + P2).
2.2 Analysis of Numerical Results
2.2.1 Tunnel deformation

Fig. 5 compares the load-displacement curves
obtained from the numerical model based on the total
strain crack model with those from the full scale
experimental test. As shown in Fig. 5, during the initial
loading stage, a high level of agreement is observed
between the experimental and numerical load
convergence responses. With increasing load, the
experimental displacement data exhibit a certain degree
of fluctuation. This behavior is mainly attributed to the
progressive damage of the concrete material and the
existence of contact gaps between the loading apparatus
and the shield tunnel in the experiment, which are
difficult to fully capture in numerical simulations.
Overall, the numerical results are in good agreement

with the experimental data, indicating that the adopted

constitutive model can reasonably represent the
mechanical behavior and deformation characteristics of
the shield tunnel structure, and is suitable for further

refined analysis of structural responses.
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Fig. 5. Load-displacement curve

The mechanical response of the shield tunnel can be
divided into three distinct stages. The first stage is the
linear elastic stage, corresponding to segment OA on the
load-displacement curve. The associated load range is
from 0 to 230 kN, with a deformation range of 0 to 11
mm. In this stage, the tunnel structure behaves elastically,
and the initial structural stiffness remains relatively high.
The second stage is the elastic plastic damage stage,



corresponding to segment AB. The load increases from
230 to 420 kN, while the deformation ranges from 11 to
83 mm. During this stage, the structural stiffness
gradually decreases, cracks within the shield tunnel
progressively initiate and propagate, and the internal
bolts and reinforcing bars begin to enter the yielding
state. The third stage is the failure stage, corresponding
to loads greater than 420 kN and deformations exceeding
83 mm. In this stage, the structural stiffness decreases
progressively toward zero, through cracks develop
within the tunnel lining, and the damage level becomes
severe. In addition, most of the internal bolts and
reinforcing bars yield, multiple plastic hinges form, and
the structure ultimately undergoes global failure. Based
on the above analysis, the ultimate bearing capacity of
the structure can be defined as the load corresponding to
point B. The simulated ultimate bearing capacity of the
shield tunnel is 420 kN, which is close to the value
obtained from the full scale experimental test. Such
significant convergence deformation is unlikely to occur
under normal service conditions of shield tunnels and is
generally associated with extreme catastrophic scenarios,
such as severe surface surcharge loading.

2.2.2 Damage evolution of the tunnel

Fig. 6 illustrates the damage evolution of the shield
tunnel during loading, where ECWI1 in the legend
denotes crack width. As shown in Fig. 6, when the tunnel
is subjected to external loading, pronounced tensile
cracks first develop in tensile zones due to the relatively
low tensile strength of concrete. With increasing load,
cracks initially appear on the inner sides of the crown
and invert. Owing to stress concentration in the bolts,
noticeable local damage also develops at the segment
joint and bolt connection regions.

As shown in Fig. 6(a), when the applied load
reaches approximately 170 kN, microcracks emerge on
the inner sides of the crown and invert, indicating a
transition of the structure from a linear elastic state to an
elastoplastic state. At this stage, the maximum crack
width is 0.11 mm. With further loading, both the number
and depth of cracks at the crown and invert gradually
increase. As shown in Fig. 6(b), when P1 reaches about
230 kN, cracks begin to appear on the outer side of the
haunch, while the number of cracks on the inner sides of

the crown and invert continues to grow, with the
maximum crack width increasing to 0.93 mm. As loading
proceeds, both the number and width of cracks in tensile
regions increase continuously. As shown in Fig. 6(d),
when P1 reaches approximately 370 kN, multiple cracks
have developed in the tensile zones, the segments suffer
extensive damage, and most cracks have propagated
through the section. At this stage, the maximum crack
width reaches 2.1 mm. As shown in Fig. 6(e), when P1
reaches about 420 kN, large damaged regions form in all
tensile zones of the tunnel, and the number of cracks
along the outer edges of both haunch further increases.
Severe damage is observed at the joints near the haunch
and crown, where plastic hinges begin to form. The
maximum crack width at this stage is 3.16 mm. As
shown in Fig. 6(f), at structural failure, four plastic
hinges form in the tensile regions of the tunnel.
Throughout the loading process, tensile failure
dominates the damage pattern. In addition, local collapse
occurs at segment joints, and the maximum crack width
reaches 4.37 mm.
2.2.3 Internal forces and stresses of the tunnel

Fig. 7 presents the distributions of axial force and
bending moment in the middle ring segments obtained
from the numerical analysis. Angles of 0° and 180°
correspond to the crown and invert, respectively, while
90° and 270° denote the left and right haunch. As shown
in Figs. 7(a) and 7(b), the axial force in the segment
lining is compressive around the entire ring. In contrast,
the bending moment distribution indicates tensile regions
at the inner sides of the crown and invert and at the outer
sides of the left and right haunch. This response implies
outward expansion at the haunch and inward contraction
at the crown and invert. The bending moment and axial
force acting on the lining exhibit axial symmetry along
the 0°-180° axis. With increasing external load, the axial
forces at the crown, haunch, and invert increase
progressively. In terms of uniformity, the bending
moment distribution is relatively even, whereas the axial
force distribution is nonuniform at the left and right
haunch. This

concentration at the haunch, which adversely affects the

indicates the presence of stress

load bearing capacity of the lining structure.



- R
; "
it /j “w <
£ La e
®
-, 3 ‘
& * Ecwl Ecwl
' . v [mm] [mm]
® Y 0.11 0.93
W oo O.gl
0.08 0.69
0.07 0.58
0.05 0.46
0.04 0.35
0.03 0‘23
I 0.01 I 0.12
-0.00 .0.00

Ecwl Ecwl

[mm] [mm]
1.55 2.10
1.36 B 1.83
1.16 1.57
0.97 1.31
0.77 1.05
0.58 0.78
0.39 0.52

I 0.19 I 0.26
-0.00 -0.00

Ecwl Ecwl
[mm] [mm]
3.16 4.37
. 2.76 3.82
2.37 3.28
1.97 2.73
1,57 2.18
1.18 1.63
0.78 1.08
I 0.39 I 0.54
-0.01 -0.01
(e) 420 kN, 1.33%D (f) Failure

Fig. 6. Damage evolution of shield tunnel

8



Overall, the evolution of structural damage leads to
pronounced changes in internal forces. As shown in Fig.
7(a), a sudden variation in axial force occurs at the 90°
and 270° positions when P1 reaches 330 kN, followed by
a continuous increase with further loading. This behavior

can be attributed to changes in the contact state of nearby
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joints. At P1=330 kN, multiple cracks initiate and
propagate through the joints and haunch regions,
reducing the effective load carrying area. The reduction
in the effective section directly alters the axial force
distribution in the segments, ultimately resulting in the
observed abrupt change in axial force.
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Fig. 7. Internal forces of shield tunnel

The stress evolution of the internal reinforcement in
the shield tunnel during the loading process was further
analyzed. Fig. 8 presents the stress contours of the

embedded reinforcement in the three ring segment model.

The internal reinforcement is mainly subjected to tensile
stress, whereas the external reinforcement experiences
reinforcement  stress
load. By
comparing Fig. 8 with the segment damage contours

compressive stress, and the

increases progressively with increasing
shown in Fig. 6, it can be observed that the locations of
segment cracking coincide well with the zones of
maximum tensile stress concentration in the
reinforcement. As shown in Fig. 8(a), before the
initiation of segment cracking, the stress distribution in
the reinforcement remains relatively continuous. When
P1 reaches 230 kN, multiple cracks appear in segment D,

leading to stress redistribution in both the segments and

the reinforcement, as illustrated in Fig. 8(b). This
redistribution results in a pronounced local tensile stress
concentration in the reinforcement at the invert, with a
maximum stress of 98.84 MPa, which remains below the
yield strength. With further loading, the number of
cracks in the tensile zones of the tunnel increases, and
the corresponding stress concentration regions in the
internal reinforcement expand accordingly. As shown in
Fig. 8(e), when P1 reaches 420 kN, several distinct stress
concentration zones develop in the reinforcement within
the tensile regions, with a maximum tensile stress of
295.78 MPa. As illustrated in Fig. 8(f), at structural
failure extensive tensile stress concentration occurs in
the reinforcement, and the maximum tensile stress
reaches 335 MPa, indicating that the reinforcement has
yielded.
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3. Shield Tunnel Damage Prediction
3.1 LSTM Neural Network
The shield

progressively deteriorates under the sustained action of

service condition of a tunnel
ultimate loading, and this degradation process can be
regarded as a time series that reflects the evolutionary
characteristics of structural deterioration. Under ultimate
loading, a long term dependency exists between the
crack width of the shield tunnel and its structural
condition. Therefore, a LSTM neural network is adopted
in this study to perform time series analysis and to
estimate the structural health state of the shield tunnel.
The crack width data together with their temporal

sequence are used as inputs for training and predicting

the degradation behavior of the tunnel structure. The
LSTM neural network is a type of recurrent neural
network (RNN), and its typical architecture is illustrated
in Fig. 9. An LSTM network consists of multiple
homogeneous memory cells, each of which can store
information over long time spans by updating its internal
state. In Fig. 9, module A represents a structure
composed of three identical cells. Each cell mainly
includes four core components: an input gate, a forget
gate, an output gate, and a cell state. These components
work collaboratively to enable the network to effectively
capture long term dependencies in time series data,
thereby accurately representing the damage evolution of
shield tunnels under ultimate loading.
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Fig. 9. Structure of an LSTM cell

In the LSTM network, the forget gate is used to
discard redundant information, the input gate determines
the key information to be stored in the cell state, and the
output gate controls the information to be passed to the
next layer. Through dynamic updating of the memory
cell state, these three gates selectively add or remove
information, allowing the LSTM network to retain and
update critical features over long time horizons. This
mechanism effectively alleviates the gradient vanishing
problem commonly encountered in conventional RNNS.
The data processing procedure of the LSTM network can
be summarized as follows.

According to Eq. (6), the forget gate f; discards

unnecessary information from the previous cell state ci.1
fi= O'(wfxt +uch, | + bf) (6)

The input vector irand the ¢, cell state are updated

using Eqgs. (7) and (8), respectively.

11

I, = O-(Wixt +uh , + bi)

()

C = ‘[anh(wixi +uh,_, + bc)

®)
The cell state ¢ is then updated according to Eq. (9).

)

ct = ﬁct—l + ltct

Finally, the network output 4 is generated based on
the output gate o; and the updated cell state ¢, as shown
in Egs. (10) and (11).

0, = O'(woxt +uh,_, +b0) (10)

h, = o,tanh(c, ) (11)

In these equations, w denotes the input weight
matrix, and u represents the recurrent weight matrix. The
symbols f, i and o correspond to the forget gate, input
gate, and output gate, respectively, while b is the bias



term. The activation function ¢ and the hyperbolic
tangent function tanh are defined in Egs. (12) and (13).

1
a(x 1+ exp(- x) (12
tanh(x) = exp(x)—expl-x) (13)

exp(r)+ expl-=)

During LSTM training, the learning rate is a critical
hyperparameter that directly influences the learning
efficiency, convergence speed, and accuracy of the
objective function. An appropriate learning rate enables
the objective function to converge to an optimal solution
within a reasonable number of training epochs. An
excessively large learning rate may lead to oscillations
during training, whereas an overly small learning rate
can result in slow convergence or even overfitting. To
enhance the predictive performance of the LSTM neural
network, the PSO algorithm is employed in this study to
optimize the learning rate, ensuring that the model
converges to an optimal solution efficiently and stably
during training.

3.2 Particle Swarm Optimization Algorithm

The PSO algorithm, also referred to as the swarm
intelligence or bird flocking optimization algorithm,
belongs to the class of evolutionary algorithms. It starts
from a set of randomly generated solutions and
iteratively approaches the global optimum. During each
iteration, candidate solutions are evaluated using a
fitness function, and the current best solution is used to
guide the global search direction. Owing to its simple
implementation, fast convergence, and relatively high
accuracy, PSO has attracted extensive attention in both
academic  research and  engineering  practice,
demonstrating excellent performance in a wide range of
practical applications. The core concept of PSO lies in
social information sharing, which is inspired by the
collective foraging behavior of bird flocks. In the
algorithm, each particle represents a potential solution in
the search space and is characterized by two fundamental
attributes. The particle position denotes its current state,
while the particle velocity determines the direction and
magnitude of its movement in the next iteration. Based
on these principles, the global optimization process of

PSO in a D dimensional search space can be summarized
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into the following steps.

First, the particle swarm is initialized by defining
parameters such as the population size N, and the
termination criteria. The initial velocity v; and position x;
of each particle i are randomly generated, as expressed in
Egs. (14) and (15).

v, = virvy) i=12 N

1

(14)

X = (xil:xiz"")xiD) i=12;N

(15)

Second, the fitness value F[i] of each particle i is
calculated according to the fitness function.

Third, the global best solution and the personal best
solution of each particle are determined using Eqgs. (16)
and (17),

v [FUT Fli]> p()
”(’)‘{p(i) others N U6
Fli .
g:{ il Flil>e i=12--N (17
g others

Where puesi(i) denotes the best solution achieved by
particle i and g represents the global best solution of the
swarm. Fourth, the velocity and position of each particle
are updated according to Egs. (18) and (19).

K+l _ k Kk _k k(. k_ _k
% —wv‘_D+cl(piD xm)+c2sm(g xiD) (18)

iD

k+1 k k+1
X =x" 4y
iD iD

iD

(19)

In these equations, » and s are random constants, k&
=1, 2,

representing the maximum number of iterations, ¢ and

-, H denotes the iteration index with H

c> are acceleration coefficients, and w is the inertia
weight.

The above steps are repeatedly executed until the
termination criterion is satisfied, at which point the
algorithm stops.

3.3 Optimization of the LSTM Neural Network Using
PSO

Under ultimate loading conditions, the crack width
of shield tunnels is influenced by the coupled effects of
multiple factors, resulting in a pronounced nonlinear
evolution process with instability and periodic
uncertainty. To achieve high accuracy prediction of crack

width, an LSTM based prediction model is developed in



this study, taking advantage of the strong capability of
LSTM networks in time series modeling. In LSTM
models, several key hyperparameters directly determine
the network structure and learning capacity. Meanwhile,
crack width time series data exhibit strong complexity
and nonstationary characteristics. To enhance the
adaptability and generalization performance of the model
with respect to crack evolution patterns, the PSO
algorithm is introduced to optimize the hyperparameters
of the LSTM model. By integrating an adaptive PSO
algorithm with the LSTM network, a PSO-LSTM
prediction model for shield tunnel crack width under
ultimate loading conditions is established. The model
development and implementation are carried out on the
MATLAB platform. The overall workflow of the
PSO-LSTM model is illustrated in Fig. 10, and the

detailed implementation steps are described as follows.

Normalize the data

Determine the proportion of
training and testing datasets,
and obtain the training dataset
Y land the testing datasetY2

]

Use the training dataset Y1

to initiate the training of the 4+

LSTM neural network
Update the internal
weights accordingly

Crack width data

Define the learning
rate as a two
dimensional particle

Initialize the PSO
algorithm and generate
the initial population

Divide the training dataset Y1
into an LSTM training set yl
(70%) and a PSO optimization
set y2(30%)

maximum number of
iterations

Usey]1 for LSTM training and
y2 for PSO based testing

Complete the fraining
process and obtain the
trained LSTM model

Simulate the prediction process
and identify the particle that
minimizes the RMSE on the

PSO optimization set

The LSTM
model

Input
Crack width data H

Stop when fitizss
ifiprovement is negligible &1
he maximum iterations are

Output the optimal
solution

Fig. 10. Flowchart of the PSO-LSTM framework

(1) The original dataset is preprocessed and then
divided into a training set and a testing set for model
training and performance evaluation.

(2) The parameters of the PSO algorithm are
initialized, including swarm size, particle dimensionality,

maximum number of iterations, velocity and position
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bounds, and termination criteria. Meanwhile, a feasible
range of the LSTM learning rate is specified based on
prior experience.

(3) During each iteration, the LSTM model is
trained using the training dataset, while the PSO
optimization dataset is used for validation. The LSTM
prediction process is simulated, and within the particle
swarm search, the particle that yields the minimum
prediction error is selected as the current optimal
solution.

(4) Once the termination criteria are satisfied, the
global optimal solution obtained during the PSO search
is output. The corresponding parameters are adopted as
the optimal learning rate for the LSTM model and are
used for subsequent crack width prediction to generate
the final results. To quantitatively evaluate the predictive
performance of the proposed model, the root mean
square error (RMSE) and the coefficient of determination

(R?) are employed as evaluation metrics. The
formulations of RMSE and R?are given as follows.
1 &, . 2
RMSE = |—>"(3,-»,) (20)
N3
N 2
>0, ~7)
R* =1! (21)

3.4 Dataset construction and model training
3.4.1 Data Source

To comprehensively assess the catastrophic risk of
shield tunnels and reduce potential hazards during future
operation, this study focuses on the evolution of crack
width in shield tunnel segments under ultimate bearing
conditions. Fig. 11 presents the variation of crack width
obtained from finite element simulations as a function of
the analysis steps. As shown, the crack width exhibits a
pronounced step like evolution during the loading
process. This behavior is primarily attributed to the
brittle nature of concrete. When the elastic strain energy
accumulated in the segments exceeds the surface energy
required for crack initiation, crack propagation occurs.
The driving force for crack growth is the release of
elastic strain energy stored in the segment concrete, and
the entire process is characterized by repeated cycles of



energy accumulation and release, resulting in the
stepwise increase in crack width. Ultimately, the crack

width reaches a maximum value of 4.37 mm.

4.5

Crack width (mm)
~

0.0 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180

Step

200

Fig. 11. Sample data of crack width evolution

In this study, the PSO-LSTM algorithm is employed
to predict the evolution trend of crack width in shield
tunnels. To verify the effectiveness and superiority of the
proposed model, a systematic evaluation is conducted in
terms of accuracy, precision, and reliability. The primary
objectives are to elucidate the damage evolution
mechanism of shield tunnels and to predict operational
risks. Emphasis is placed on providing a scientific basis
for risk management strategies through a robust and
reliable predictive model.
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3.4.2 Parameter sensitivity analysis

To improve the prediction of shield tunnel crack
width evolution, a hyperparameter sensitivity analysis
was conducted for the proposed model and used to guide
model configuration and prediction. The dataset was
divided into training and prediction subsets to ensure
sufficient learning while maintaining the reliability of the
predicted results. The primary objective of the prediction
is to assess the structural safety of the tunnel under its
identify
catastrophic risks, and support decisions on whether

current  operating  condition, potential
timely repair or reinforcement is required.

To enhance the predictive capability of the
PSO-LSTM model for tunnel crack width, a systematic
parameter sensitivity analysis was performed. This
analysis was based on finite element simulation data
validated by experimental results and focused on
quantifying the influence of key hyperparameters on
model performance, thereby identifying an optimal
initial parameter configuration. Four dominant factors
were examined: the number of particles in the particle
swarm optimization algorithm X1, the number of PSO
iterations X2, the number of LSTM training iterations
X3, and the learning rate decay factor X4. The sensitivity
analysis results are illustrated in Fig.s 12 to 15 and
summarized in Table 2, providing a quantitative basis for
evaluating the influence of machine learning parameters

on damage evolution risk prediction in shield tunnels.
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Tab.2. Sensitivity analysis comparison table
Group Xi Xa X3 Xa RMSE R?
5 30 1500 0.1 0.1459 0.9420
. 15 30 1500 0.1 0.1033 0.9487
30 30 1500 0.1 0.4552 0.9402
50 30 1500 0.1 0.2432 0.9408
15 15 1500 0.1 0.1064 0.9391
2 15 50 1500 0.1 0.5247 0.9399
15 70 1500 0.1 0.1099 0.9401
3 15 30 1000 0.1 0.1795 0.9370
15 30 2000 0.1 0.2151 0.9398
4 15 30 1500 0.01 0.5239 0.9395
15 30 1500 0.5 0.1480 0.9377

The results indicate that increasing the particle
number X1 does not necessarily improve prediction
accuracy, and excessive particles may even degrade
model performance. An optimal configuration of 15
particles was therefore identified. The number of PSO
iterations X2 has a pronounced effect on prediction
accuracy. A value of 50 iterations resulted in relatively
poor performance, whereas 30 iterations significantly
improved prediction accuracy, leading to the selection of
30 as the optimal iteration number. In contrast, the
number of LSTM iterations X3 and the learning rate
decay factor X4 exerted only minor influence on both
prediction accuracy and computational cost. These
findings suggest that effective optimization of the PSO
algorithm plays a dominant role in enhancing the
predictive performance of the LSTM model.

3.4.3 Determination of training and prediction sets
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When applying the PSO-LSTM model to predict
crack width evolution in shield tunnels, the criteria for
constructing the training and testing sets are critical. This
process must account for the characteristics of crack
width time series data, model complexity, and practical
engineering requirements. The present study focuses on
short term prediction, aiming to evaluate model
performance on both the training and testing sets and to
examine the influence of different data split ratios on
predictive accuracy. Commonly used split ratios include
8:2, 7:3, and 6:4.

Based on the comparison of RMSE values
calculated using Equation (20), the 7:3 split ratio yields
the most favorable prediction performance. Accordingly,
a two stage data partitioning strategy was adopted, with
70 percent of the data used for training and 30 percent

reserved for testing. This scheme achieves a suitable



balance between prediction accuracy and data utilization,

making it well suited for practical engineering
applications. After determining the optimal split ratio,
this configuration was applied to establish the training
and prediction framework of the PSO-LSTM model.
3.4.4 Model and hyperparameter settings

In constructing the PSO-LSTM model, the swarm
size was set to 15 particles and the maximum number of
PSO iterations was fixed at 30. The learning rate was
defined within the range of 0.01 to 0.1, the number of
hidden layer neurons was varied from 10 to 120, and the
L2 regularization coefficient ranged from 1x10° to
1x10°%. These parameters jointly form the foundation of
the PSO-LSTM model,
performed using the Adam algorithm. To enhance the
reliability of the prediction results, the PSO-LSTM

model was further compared with a back propagation

with global optimization

neural network, a convolutional neural network, and a
conventional LSTM model to identify the most effective
prediction approach. For a fair comparison, all four
models were configured with identical numbers of input
units, output units, and training epochs, namely 1, 1, and
1500, respectively. The crack width values from analysis
steps 1 to 127 were used as input, while the crack width
values from steps 128 to 181 were used as prediction
targets.
3.5 Training and prediction

Based on Equations (18) and (19), together with the
hyperparameters optimized by the PSO algorithm, the

evolution of fitness during the optimization process was

4.5

Numerical simulation
Predicted

N
n
T

Crack width (mm)
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Step

(a) Comparison of prediction results

obtained, as illustrated in Fig. 16. The fitness value
decreases progressively with increasing PSO iterations
and eventually stabilizes, indicating good convergence of
the optimization process. This curve provides a dynamic
framework for parameter adaptability and offers deeper
insight into the behavior and performance characteristics

of the proposed model.
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Fig. 16. Iteration of fitness values

During the training phase, experimentally validated
finite element crack width data were adopted as the
training dataset to train four prediction models, namely
the back propagation neural network, CNN, LSTM, and
PSO-LSTM. Each model was iteratively adjusted to
achieve optimal performance. To further examine the
differences between the prediction results and the
numerical simulation data, evaluation index plots for the

four models were generated, as shown in Fig.s 17 to 20.
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Fig. 17. BP model
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Fig. 18. CNN model
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Fig. 19. LSTM model
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Fig. 20. PSO-LSTM model
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The results indicate that all four models produce
predictions generally consistent with the numerical

simulation results, although clear performance
differences exist. Among them, the proposed
PSO-LSTM model exhibits the highest level of

agreement with the numerical results, demonstrating a
superior capability to capture the complex dynamic
characteristics of damage evolution in shield tunnels.
These findings confirm that the PSO-LSTM model can
deliver predictions highly consistent with actual behavior,
thereby providing timely and effective support forthe
operation and maintenance of shield tunnels. The
comparative analysis indicates that the back propagation
network exhibits
among evaluation metrics between the training set and

neural pronounced discrepancies
the test set, suggesting the occurrence of overfitting
during training and resulting in unsatisfactory predictive
performance on the test data. In contrast, the CNN,
LSTM, and PSO-LSTM models show good agreement
between predicted values and reference data, with no
evident overfitting behavior. Notably, the PSO-LSTM
model achieves the best performance in predicting crack
width for existing tunnels, with an RMSE of 0.1033 and
an R? squared value of 0.9487, outperforming all other
models considered. These results demonstrate that the
PSO-LSTM model not only provides high fitting
accuracy but also delivers superior predictive capability.
It can reliably capture the damage evolution of shield
tunnels under ultimate loading conditions, thereby
offering a robust and credible basis for tunnel operation,

and maintenance.

4. Conclusions
Based on the total strain crack model, a refined
of shield

developed to investigate the failure mechanism of shield

structural model tunnel segments was
tunnels under ultimate loading conditions. A machine
learning framework that integrates particle swarm
optimization with a long short term memory network
was proposed and validated for predicting the damage
evolution of shield tunnels at the ultimate bearing state.
The main conclusions are summarized as follows.

(1) The failure responses of the shield tunnel
structure simulated using the total strain crack model
show good agreement with experimental observations.
The model the  damage

accurately  captures
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of tunnel
resolves millimeter scale damage features of shield

characteristics segments and effectively
tunnel linings.

(2) The structural failure process of the tunnel can
be divided into three distinct stages, namely the linear
elastic stage, the localized damage stage, and the global
failure stage. The load thresholds corresponding to the
linear elastic and localized damage stages are 230 kN
and 420 kN, respectively, with associated crack widths of
0.11 mm and 3.16 mm, and convergence deformations of
0.17%D and 1.33%D. During the global failure stage, the
crack width increases to 4.37 mm, accompanied by
pronounced and widespread tensile stress concentration
in the reinforcement, indicating that the reinforcing steel
has reached its yield strength.

(3) The PSO-LSTM model is capable of accurately
capturing the damage evolution of shield tunnel
By
optimizing key LSTM hyperparameters through the PSO

structures under ultimate loading conditions.
algorithm, including the number of hidden layer neurons,
the learning rate, and the L2 regularization coefficient,
the predictive accuracy of the model is significantly
enhanced, providing a reliable basis for tunnel operation,
and maintenance.

(4) In the prediction of shield tunnel crack width,
the PSO-LSTM model achieved an RMSE of 0.1033 and
an R? squared value of 0.9487, demonstrating higher
predictive accuracy and superior stability compared with
the BP neural network, CNN, and conventional LSTM

models.
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