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Abstract

Underground structures are becoming increasingly vital components of modern transporta-
tion networks and urban systems, making their structural integrity a critical factor for
safety and operational reliability. However, despite considerable progress in Structural
Health Monitoring (SHM), the application of data-driven and vibration-based strategies to
underground infrastructures remains an open and under-explored field, often because of
limited data availability. Population-Based Structural Health Monitoring (PBSHM) offers
a promising pathway to overcome this challenge by leveraging transfer learning to share
diagnostic knowledge among similar structures. This study investigates the feasibility of
extending the PBSHM paradigm to underground infrastructures, with a particular focus on
a metro tunnel application. Through dynamic finite element simulations, relevant vibration
features are identified, and damage detection strategies based on transmissibilities and
cross-correlation functions are evaluated. The numerical results show that transmissibility-
based indicators enable accurate damage localisation along the tunnel lining, even under
noisy conditions. In contrast, cross-correlation features exhibit more limited performance
in some configurations. Building on this evidence, the transmissibility-based damage indi-
cator is subsequently embedded within the PBSHM framework and used as a transferable
feature between tunnel models, achieving reliable damage detection in a second tunnel
with heterogeneous characteristics, with F1 scores exceeding 80% for all considered damage
severities and above 94% for the most critical case, thereby highlighting the potential of
knowledge transfer for large-scale underground networks.

Keywords: underground structures; structural health monitoring; knowledge transfer;
domain adaptation

1. Introduction

Many large cities and metropolitan areas are facing a progressive increase in urban
traffic, which poses significant challenges in managing mobility and ensuring the efficiency
of transportation networks. As a result, underground infrastructures have become crucial
components in densely populated areas [1]. Although underground spaces—such as
metro tunnels—have long been used for public transportation, the recent decades have
seen the design and construction of numerous new facilities, leading to a continuous
expansion of underground mileage. Metro tunnel networks not only alleviate surface
traffic congestion but also offer several advantages, including the capacity to handle
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high passenger volumes, reduced vulnerability to adverse weather conditions, and the
capability to connect areas with diverse morphological characteristics [2]. Nevertheless,
the construction and management of these structures remain complex, requiring careful
consideration of the interaction with the surrounding soil, which often constitutes a harsh
and variable environment. In addition, the growing number of recently constructed tunnels
and the progressive ageing of the ones that have been in service for years require careful
verification of their structural conditions to ensure efficient service and user safety.

1.1. SHM of Underground Infrastructures

A variety of Structural Health Monitoring (SHM) strategies have been developed
for underground infrastructures; however, most existing studies concentrate on static
approaches, whereas dynamic-based techniques remain comparatively limited.

The development of deformations and cracks in tunnel linings has been extensively
analysed in both concrete and masonry structures [3-5]. Many of these static approaches
are based on Distributed Fiber Optical Sensors (DFOS) and Fiber Bragg Grating (FBG) to
monitor deformations and strains [6]. Gomez et al. (2020) show in [7] how DFOS has good
potential, associated with post-processing algorithms, to become a reliable tool for strain
monitoring in tunnels influenced by the construction of nearby buildings; similarly, in [5],
DFOS were adopted to detect local strains and cracks in an old masonry tunnel structure
caused by nearby tunnelling activity, confirming its certain effectiveness. The validity of
DFOS in hostile environments, and in hard-to-reach locations, has been evaluated in [8] by
Di Murro et al. (2019), where these sensors were used for the remote static monitoring of
tunnels in the presence of radiation. Then, Wang et al. (2023) [3] exploited the DFOS and
FBG sensor technologies to monitor steel-fibre-reinforced concrete behaviour in a scaled
experimental model of tunnel lining segments, detecting the strains at different stages.
Moreover, FBG have been exploited in [9,10] to monitor strain and temperature variations
in tunnel linings, and Tondini et al. (2015) [11] employed different systems of FBG sensors
to evaluate the inelastic response of concrete tunnel lining under seismic actions.

Several non-contact approaches have also been proposed. For instance, Terrestrial
Laser Scanning (TLS) has been increasingly used to produce accurate 3D representa-
tions [12]; its use has been associated with photogrammetry methods to assess cracks
and water seepage in a tunnel structure in [13], showing a good performance of these two
visual perception methods. Additionally, some studies proposed machine learning and
deep learning methods aimed at improving damage detection and prediction accuracy.
Ouyang et al. (2023) [14] proposed a robot-mounted imaging technology to detect cracks
in tunnel linings, adopting transfer learning methods; while in [15], image data have been
collected by an automated monitoring system and elaborated by deep learning algorithms
to identify cracks.

Conversely, few investigations have been executed using vibration-based techniques.
Zhou et al. (2014) [16] expressed the open challenges in applying dynamic monitoring to un-
derground structures by comparing the vibration characteristics of the tunnel-soil coupled
system and those of the free tunnel, providing a Timoshenko Beam-Transfer Matrix Method;
subsequently, the author studied the vibration characteristics of a metro station underneath
a high-speed railway by performing field tests and trying to separate the underground
structure’s modal components to those of the surrounding soil [17]. Yan et al. (2021) [18]
evaluated the structural safety of tunnels during the construction phase using dynamic
monitoring data, comparing the simulation results to those of an actual case study and
estimating the failure probability during construction. Feng et al. (2015) [1] tested the feasi-
bility and accuracy of Transmissibility and Cross-correlation functions as sensitive features
for damage localisation on a finite element model of a tunnel structure under different
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types of damage, finding reliable results. Some studies also integrated machine learning
methods in dynamic SHM. For instance, a deep learning algorithm has been applied to
the data gathered from a finite element model of a metro tunnel subjected to varying
damage intensities to monitor the vibrations induced by a moving load [19]. Neverthe-
less, the strong interaction between the tunnel structure and the surrounding soil must
be carefully accounted for to obtain reliable estimates [16]. Beyond the specific context
of tunnels, recent research has extensively investigated structural damage identification
using optimisation and deep learning techniques. Swarm intelligence algorithms, such as
Sailfish Optimisation (SFO), have been employed in two-stage identification schemes for
bridge bearings, where element-wise damage parameters are inferred by minimising dis-
crepancies in modal quantities or relative modal strain energy [20]. Similarly, Moth-Flame
Optimisation (MFO) has been adopted for the localisation and quantification of damage,
exploiting modal strain energy and static displacements [21]. Several studies have likewise
explored deep-learning-based strategies for distinct SHM applications. Convolutional neu-
ral networks have been applied to time-frequency representations of acceleration signals
to detect and localise damage in steel and concrete structures under varying environmental
conditions, often achieving improved classification performance compared with traditional
feature-based approaches [22]. Although these damage-identification methods have demon-
strated promising results across a range of structural applications, their implementation in
underground structures and metro tunnels remains limited.

Furthermore, the adoption of data-driven approaches for SHM becomes particularly
challenging when comprehensive datasets are unavailable. This limitation can be mitigated
through the recently introduced Population-Based Structural Health Monitoring (PBSHM)
framework [23].

1.2. The PBSHM Framework

Traditional SHM methodologies are typically designed for individual structures, and
even when machine learning algorithms are employed, the predictive model is generally
trained and updated using data collected exclusively from that structure. The PBSHM
framework addresses this constraint by enabling knowledge transfer among a population
of similar assets, using the available information from a well-instrumented source structure
to infer the condition of a target structure with limited or missing data. A broad overview
of PBSHM fundamentals is provided in [23-25], where the authors introduce the overall
strategy and the notion of structural populations, and distinguish between homogeneous
and heterogeneous populations according to their level of similarity.

In a homogeneous population, the structures are identical in terms of geometry, mate-
rials, boundary conditions, and topology, so that any differences in their dynamic responses
can be mainly attributed to damage or operational variability. In a heterogeneous popu-
lation, by contrast, the members exhibit systematic differences in one or more attributes
(such as stiffness, mass distribution, cross-sectional layout, support conditions, or overall
configuration), and these differences must be explicitly accounted for when comparing or
transferring information across the population.

Consequently, PBSHM requires methods to assess structural similarities, typically
relying on the Irreducible Element (IE) representation of a structure. The IE representa-
tion, introduced in [24], is constructed to retain only those properties and dimensions
that strongly influence knowledge transfer; it abstracts the relevant features of a structure
into a reduced set of main components with well-understood dynamic behaviour, thereby
simplifying the understanding of the system and the identification of feasible levels of in-
ference between population members. The aspects expressed in an IE, typically arranged in
tabular form, can then be graphically represented in a corresponding Attribute Graph (AG),
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which facilitates automatic graph-comparison procedures and the systematic assessment of
similarity within the population [26].

Based on the level of similarity within the population, various knowledge-transfer
techniques can be employed. Among transfer-learning techniques, domain adaptation (DA)
proves to be an ideal fit for PBSHM because it aims to minimise the differences between
the features of the source and target structures. Thereby, DA allows adopting the features
acquired from a source structure to infer consistent data-driven diagnostics on a new target.
The core assumption of DA is that useful knowledge can be transferred from the source to
the target domain, even when the corresponding feature distributions differ, by minimising
the distance between their statistical representations [27]. This strategy has already been
implemented in several engineering domains, including wind turbines [28], bridges [29],
and aerospace structures [30,31]. However, its application to underground infrastructures
has not yet been explored.

1.3. Research Objectives and Scope

In this study, the feasibility and accuracy of Transmissibility Functions (TFs) and
Cross-Correlation Functions (CCFs) are first examined as vibration-based damage-sensitive
features for underground structures, using an integrated tunnel-soil finite element model
under two different loading conditions. Subsequently, a second tunnel configuration is
analysed, and a DA algorithm based on Statistical Alignment (SA) [29] is implemented to
assess the potential of the PBSHM framework for heterogeneous underground infrastruc-
tures. Despite the aforementioned advances, the main research challenges addressed in
this work are summarised as follows:

*  Limited use of dynamic, vibration-based SHM for underground structures and metro
tunnels.

®  Scarcity of labelled monitoring data for individual underground assets.

¢  Strong tunnel-soil interaction, which complicates the extraction of damage-sensitive
dynamic features.

¢ Lack of established procedures for sharing diagnostic knowledge between different
underground structures.

Accordingly, the main contributions of this paper are:

*  Numerical assessment of TFs and CCFs as vibration-based damage-sensitive features
for tunnel-soil systems.

*  Analysis of the proposed damage indicators under measurement noise and realistic
testing conditions.

* Integration of transmissibility-based features into a PBSHM framework using domain
adaptation, for improving diagnostics in underground structures.

The layout of the paper is as follows. Section 2 presents the finite element simulation of
the metro tunnels. Section 3 introduces the adopted damage identification strategies, with
a focus on the source structure. Subsequently, Section 4 explores the domain adaptation
algorithm used for PBSHM. Lastly, Section 5 presents the discussions and some conclusions.

2. Modelling and Simulation of Metro Tunnel Dynamics

This section outlines the key features of the monitored structure and the development
of its finite element model, demonstrating the validity of TF and CCF in damage identifica-
tion and evaluating the use of a PBSHM approach, where the first structure serves as the
source and the second as the target. The undamaged and damaged configurations are mod-
elled and analysed for the damage evaluation. The numerical case study considered in this
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work is a metro tunnel, whose geometry, material properties, and modelling assumptions
are derived from Feng et al. [1].

2.1. Finite Element Approach for Tunnel Analysis

The finite element (FE) model developed for the source structure, using the ANSYS
Mechanical APDL 2021 R1 software, is first presented. Since the case study focuses on metro
tunnels, the interaction between the tunnel and the surrounding soil is explicitly considered
by constructing an integrated tunnel-soil system. The corresponding tunnel geometry is
depicted in Figure 1.
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Figure 1. First tunnel geometry and sensors. The tunnel is divided into segments of length 1.2 m.
The gray numbers represent all the possible input and measurement points. In this figure, the input
is applied to point 2 (blue arrow) and damage (red segments) occurs between point 4 and point 5
(measures in m; figure not in scale).

The soil domain is represented using a full-circle spring model, following the assump-
tion proposed in [1]; spring elements are therefore introduced in both radial and tangential
directions. Specifically, Link180 elements are employed to reproduce the soil’s radial stiff-
ness, whereas Combin14 elements simulate its tangential response. Link180 elements are
three-dimensional spar elements with three degrees of freedom (DOFs) per node, capable of
sustaining only uniaxial tension—compression behaviour. Conversely, Combin14 elements
act as longitudinal spring—damper components with three translational DOFs per node,
incapable of bending or torsion. The tunnel lining consists of concrete segments forming
a circular cross-section, discretised into sixteen shell elements. The internal and external
diameters are 5.5 m and 6.2 m, respectively, corresponding to a wall thickness of 0.35 m. The
total longitudinal length of the model is 168 m, with each segment extending 1.2 m. The soil
medium is assumed to resist only compressive loads. An elastic modulus of 5.06 x 10> MPa
is assigned to the Link180 elements, while the Combin14 elements are characterised by
a spring constant of 3.0 x 10° N/m. For both element types, the opposite node is fixed
to represent boundary constraints. Structural damage is simulated by applying a 13%
reduction in the concrete elastic modulus over two tunnel sections, representing a localised
deterioration scenario and enabling evaluation of the sensitivity of the TFs and CCFs to
such damage.

The reduced modulus is assigned to the sixteen shell elements located at longitudinal
coordinates z = 52.8 m and z = 54 m from the reference origin, corresponding to a total
damaged length of 2.4 m. The specific damage locations and associated reductions in elastic
modulus are reported in Table 1. All remaining material properties, geometric parameters,
and modelling assumptions are consistent with those of the undamaged configuration. The
complete material properties are summarised in Table 2. In addition, an equivalent viscous
damping ratio of 6% is introduced.

Table 1. Damaged concrete (tunnel lining) features.

Initial Elastic Modulus (MPa) Reduced Elastic Modulus (MPa) Quotes (z Direction, m)
3.45 x 10* 3.0015 x 10* 52.8-55.2
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Table 2. Concrete and soil properties for the first tunnel structure.
Material Elastic Modulus [MPa] Poisson’s Ratio Density (kg/m?3)
Concrete 3.45 x 10* 02 2551
Damaged concrete 3.0015 x 10* 0.2 2551
Soil 5.00 0.3 1836

The updated model for the tunnel-soil coupled system in the undamaged condition is
shown in Figure 2.

I Ansys| | ... Ansys
2024R2|

Tvee v SHELLISI 2024R2| | meee s

LINKI180

COMBIN14

Tunnel and Soil Model Tunnel and Soil Model

(a) (b)

Figure 2. The undamaged tunnel-soil coupled system. (a) Cross-section. (b) Longitudinal view.

An additional tunnel-soil finite element model was developed to represent the second
tunnel in healthy and damaged conditions, following the same assumptions of the source
structure and including soil-structure interaction through the same radial and tangential
spring formulation. This structure is adopted as the target, i.e., a structure for which the
measured data are unlabelled and used for the training and testing phases of the transfer
learning process. The element discretisation and the soil properties are unchanged, while
the geometry and material properties are obtained from [32]: the inner diameter is equal to
5.6 m, and the outer one is 6.2 m, so the wall thickness is 30 cm, and a length of 168 m is
considered in the longitudinal direction. Thus, the source and target structures share the
same topology and type of damage (a reduction of 13% in the concrete elastic modulus)
while exhibiting heterogeneous attributes, as discussed in [26]. Table 3 summarises the
material properties.

Table 3. Concrete and soil properties for the second tunnel structure.

Material Elastic Modulus [MPa] Poisson’s Ratio Density (kg/m3)
Concrete 3.62 x 10* 0.2 2551
Damaged concrete 3.1494 x 10* 0.2 2551
Soil 5.00 0.3 1836

2.2. Simulation of the Experimental Test Procedure

A hammer-impact simulation was performed on both finite element models of the
source and target structures to obtain the acceleration responses through transient dynamic
analysis. Thirteen measurement points were positioned along the tunnel footing at uniform
intervals of 12 m in the longitudinal direction, as illustrated in Figure 1. Two distinct
testing configurations were therefore considered to investigate the relevance of vibration-
based strategies for tunnel SHM. In the first configuration, a vertical impulsive load was
applied at a fixed location (point 2), and the resulting vertical acceleration responses were
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recorded at all sensor positions. In the second configuration, the external excitation was
sequentially applied to each section (i + 1), while acceleration responses were measured
only at the adjacent points i and (i 4+ 1). This setup enables the assessment of localised
dynamic behaviour while limiting the number of required measurements. Conversely, the
fixed-input configuration is introduced here to assess whether an operationally simpler
testing scheme, involving a single excitation location and simultaneous measurements at
multiple points, can provide damage-identification performance comparable to that of the
variable-input configuration. In both simulations, the input force had a duration of 5 ms and
a peak magnitude of 4800 N, consistent with hammer-impact models used in comparable
experimental studies. A sampling frequency of 800 Hz and a total measurement duration
of 4.5 s were adopted. Representative acceleration responses at locations 1 and 2 resulting
from an impact at point 2 are presented in Figure 3.

%1072 <10~

5

4

3

N

|
|
|
|

Accelera}ior\ [m/sz]
Acceleration [m/sz]

) . . . L A . .
0 0.2 0.4 0.6 0.8 1 0 0.2 04 0.6 0.8 1
time [s] time [s]

(@) (b)

Figure 3. Acceleration time histories for external input at location 2 in the undamaged model
(truncated signals). (a) Measurement point n.1. (b) Measurement point n.2.

The sampling frequency and the duration of the test are summarised in Table 4. The
input is applied for a time Tj;;, = 0.005 s by incremental steps of At = 0.00125 s, whereas
the acceleration responses are gathered every At = 0.00125 s for a total time of Tyoy = 4.5s
after the application of the external load. The selected parameters satisfy both the Nyquist-
Shannon theorem and the stability criterion.

Table 4. Solution settings.

Quantity Value Units
Sampling frequency fs 800 Hz
Sampling time At 0.00125 s
Input duration Ty, 0.005 s
Test duration T;; 4.5 S

3. Damage Identification Strategies and Results

This section presents the vibration-based damage identification strategies adopted
for the tunnel-soil system, together with the corresponding numerical results. Two scalar
indices are considered, namely a Transmissibility-based Damage Indicator (TDI) and a
Cross-correlation-based Damage Indicator (CDI), which are both directly derived from
measurable acceleration responses. These features were identified on the basis of the previ-
ously outlined review of vibration-based SHM methods for underground structures, which
highlighted transmissibility and cross-correlation functions as among the most promis-
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ing candidates for detecting local stiffness reductions in tunnel linings while remaining
compatible with practical monitoring layouts.

The forced vibration problem of a viscously damped n-degrees of freedom (DOF)
system is ruled by the equation M#(t) + Cx(t) + Kx(t) = £(t), in which M, K, C are the
mass, stiffness and damping matrices, respectively, x(t) is the displacement vector and f(t)
is the load vector. The TF between two DOFs i and j, for the external load applied in the k"
DOFE, is evaluated as Tj; ).

Ajgg(w)  —wHjgy(0)F(w)  Hjgg

N ) _ _ 1
ij(k) (CU) AJ(k) (w) —wZH](k) ((«U)Fk(w) H](k .

where A;y) and A;) are the acceleration spectra of DOFs i and j respectively (obtained by
deriving the displacement spectra twice), and Hj () (w) and Hjy (w) are their Frequency
Response Functions (FRFs). By defining the TF as the ratio of two spectral accelerations,
Equation (1) shows that the assessment of this feature does not require measuring the
external input or the FRF, which makes it particularly advantageous for applications in
SHM. The TDI between DOFs i and j, for the external input applied in k, is defined as:

w; u D
TDI ) = Jao 1108 | Tiy) | — log | Ty || dew 2
1 w:
f 22 ltog T, [ da

where w; and w, define the frequency range of interest, and Tbl( K and Ti]D(k
TF for the undamaged and damaged conditions, respectively. Hence, this indicator is con-

) identify the

structed to condense the frequency-dependent discrepancies between the transmissibility
functions of the undamaged and damaged configurations into a single scalar quantity over
a prescribed frequency band.

The second damage identification algorithm is the CCF; considering the DOFs i and j
of the previous n-DOFs system, the CCF can be computed from their acceleration responses
56'1‘(1’) and x](t)

R,’,]'(T) = Tlglgo? A Xi(t)jf]‘(f—FT) dt 3)

where T is the time lag applied to the second signal. The CCF can be normalised with
respect to the zero-lag autocorrelation functions. Hence, the CDI is given by Equation (4),
where superscript U and D denote the normalised CCFs in undamaged and damaged
conditions, respectively.

1

ky 1 U
Zkl |Ri]‘

ky /D pu
L RG] — [RE]
cpry = =1 i

(4)

Similarly to TDI, it is important to assess the CDI at various locations within the struc-
ture. In both cases, damage localisation is carried out by analysing the spatial distribution
of the indicator values and identifying the position along the tunnel at which the indicator
attains its maximum. The damage location is therefore associated with the sensor pair (or
section) corresponding to the highest value of the selected damage indicator.

3.1. Fixed Input Location Test

The following section presents the results obtained from the fixed-input test on the
source structure. In these simulations, the hammer excitation was applied at position 2,
and damage was expected to occur between positions 4 and 5. The frequency range of
5-40 Hz was selected for the application of Equation (2), on the basis of the FRF and modal
analyses, which indicated that the main modal contributions are concentrated within this
interval, whereas very low and very high frequencies are predominantly associated with
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soil-dominated or noise-prone contributions [1]. Conversely, a time window of 0.15-0.35 s
was adopted for the CDI, after inspection of the acceleration responses and cross-correlation
functions, in order to exclude the immediate impact transient and the late-time decay and to
focus on the portion of the response where damage-induced modifications are most evident.

Figure 4a shows the transmissibility functions between measurement points 1 and
2 for the undamaged and damaged configurations, under a hammer impact applied at
position 2. The plot highlights the frequency-dependent discrepancies induced by the local
stiffness reduction in the lining, while Figure 4b shows the corresponding values of the TDI
computed for each same-sensor pair. These results outline that damage can be distinctly
identified by the TDI between sensors 4 and 5, where the index attains its maximum value.
Conversely, the CDI, as shown in Figure 5, fails to provide a reliable localisation, exhibiting
irregular values across several sensor pairs. As a result, its validation was not achieved for
the fixed-input configuration at position 2 within the specified time range.

N
N

Undamaged
Damage 13% | |

\ 0.1 T T T T T T T T
\ ] I input in point 2

N

™

o
o

Transmissibility functi
-~ R &
/

o o
> ®

o
IS
/

o
N

24 2 28 30 32 34 12 23 34 45 56 67 7-8 89 9-10 10-11 11-12 12-13
frequency [Hz] Location pairs

@) (b)

Figure 4. Transmissibility functions and TDIs for fixed input in location 2. (a) Transmissibility
functions Tip. (b) TDIs: the TDI attains its highest value at the sensor pair corresponding to the
damaged section, confirming a correct localisation.

N
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j<§ | | \ \
5-000sF | | |
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|
-001F | |
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-0.015
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@) (b)
Figure 5. Cross-correlation functions and CDIs for fixed input in location 2. (a) Cross-correlation

functions R1p. (b) CDIs: the CDI attains its highest value at the sensor pair 34, failing to localise
the damage.

3.2. Variable Input Location Test

The following section reports the results obtained from the variable-input test on the
same structure. The frequency and time ranges of interest remained 5-40 Hz for the TDI
and 0.15-0.35 s for the CDI, respectively. Figures 6 and 7 indicate that both damage indices
successfully identify and localise the damaged region, with the highest responses observed
between sensors 4 and 5, even though the CDI exhibits a broader spatial response with non-
negligible values at neighbouring sensor pairs. Moreover, a comparison between the TF
and CCEF plots for sensor pairs 1-2 and 4-5 highlights that the TF exhibits more pronounced
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discrepancies between the healthy and damaged states, which can be attributed to the
closer proximity of the latter pair to the damaged zone.

45

A Undamaged
4 I\ Damage 13%

=]
o
0.1
7\ 005
— I
. . m o l o
34

0
24 2 28 30 32 34 12 23 45 56 67 78 89 010 10-11 11-12 12-13
frequency [Hz] Location pairs

(a) (b)

Figure 6. Transmissibility functions and TDIs for mobile input location. (a) Transmissibility functions
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Tys. (b) TDIs: the TDI attains its highest value at the sensor pair corresponding to the damaged
section, confirming a correct localisation.
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Figure 7. Cross-correlation functions and CDIs for mobile input location. (a) Cross-correlation

o
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S
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Cross Correlation function
&
o
3
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functions Rys5. (b) CDIs: the CDI attains its highest value at the sensor pair corresponding to the
damaged section, confirming a correct localisation despite the smoother variation of the indicator
along the tunnel.

It can be reported that the choice of the frequency range can lead to more or less optimal
TDI results. Hence, a modification of this strategy, based on the method of occurrence [33],
has been implemented to reduce the variability of the outcomes and to obtain more stable
damage-localisation patterns. Indeed, the method of occurrence is used here as a post-
processing strategy applied to the frequency-dependent transmissibility-based damage
features in order to improve damage localisation by reducing spurious peaks. For each
excitation configuration, the absolute difference between the transmissibility functions
of the undamaged and damaged models is first evaluated at all sensor pairs and at each
frequency line within the selected band. At a given frequency, the sensor pair exhibiting
the largest difference is identified and one “occurrence” is assigned to that location. By
repeating this procedure over all frequency lines, an occurrence count is obtained for each
sensor pair, corresponding to the number of frequencies at which that pair is the most
sensitive to damage. The results are shown in Figure 8, which demonstrates effective damage
localisation in both fixed and mobile input locations, with a notable improvement in the TDI
as false peaks are significantly reduced. In particular, the occurrence-based damage patterns
clearly highlight the sensor pair closest to the damaged section, while highlighting significantly
spurious responses at other locations, thus enhancing the robustness and interpretability of
the TDI for damage detection within the 333 knowledge-sharing framework.
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Figure 8. TDIs with method of occurrences. (a) TDIs for fixed input in location 2. (b) TDIs for mobile

input location.

These tests demonstrate effective damage localisation in both fixed and mobile input
locations, with a notable improvement in the TDI as false peaks are significantly reduced.

3.3. Noise Effects on the Damage-Identification Process

Additional analyses were conducted to further assess the effectiveness of the proposed
damage identification approaches, focusing on their robustness to measurement noise
under loading condition 2 (mobile input location). This investigation aimed to replicate
realistic testing scenarios, in which the recorded acceleration responses are typically affected
by random fluctuations, systematic errors, and background noise. Accordingly, the same
undamaged and damaged configurations were retained, while Gaussian-distributed noise
with varying intensities (0.1%, 1%, and 3%) was superimposed on the acceleration signals.
These noise levels were chosen to represent a range of practical measurement conditions,
from almost noise-free environments to moderately noisy scenarios, while remaining
consistent with noise intensities adopted in previous numerical studies on tunnels, such
as [1].

The maximum values of both TDI and CDI in Figure 9 remain located at the sensor
pair corresponding to the damaged region, demonstrating a high level of robustness to the
three noise levels.

. .
12 28 34 45 56 67 7-8 89 9-10 10-11 11-12 12-13 12 23 34 45 56 67 7-8 89 9-10 10-11 11-12 12-13
Location pairs Location pairs

@) (b)

Figure 9. TDI and CDI for mobile input location under different noise levels. (a) TDIs: the TDI
attains its highest value at the sensor pair corresponding to the damaged section, confirming a correct
localisation. (b) CDIs: the CDI attains its highest value at the sensor pair corresponding to the
damaged section, confirming a correct localisation.

4. PBSHM for Underground Structures

Since these vibration-based features demonstrated both sensitivity to damage and
generalisable behaviour across comparable structures, the present work explores their inte-
gration within the PBSHM framework, employing Statistic Alignment (SA) for information
transfer between structural models. The adoption of SA is justified by the high degree of
similarity between the analysed structures, which differ only in selected geometric and

material parameters [34].

https://doi.org/10.3390/infrastructures11030079


https://doi.org/10.3390/infrastructures11030079

Infrastructures 2026, 11, 79

12 of 16

Whereas the previous analysis concentrated solely on damage localisation through
pairwise comparisons of transfer functions, the resulting TDI values did not provide infor-
mation on the presence of damage or on the definition of an anomaly detection threshold.
This limitation is addressed by leveraging supplementary knowledge from a suitable source
domain. Within this framework, the first tunnel-soil finite element model introduced in
Section 2 is treated as the source structure, for which labelled datasets in healthy and
damaged conditions are available and can be used to train and calibrate the diagnostic
model. The second tunnel-soil finite element model, characterised by different geometric
and material properties but the same topology and damage pattern, is treated as the target
structure, for which only limited, nominally healthy data are assumed to be available.
The motivation for this extension lies in the intrinsic limitations of conventional SHM
methods, which typically require labelled datasets representing both damaged and un-
damaged structural conditions. In real-world applications—particularly for underground
infrastructures—such comprehensive datasets are rarely available due to the difficulties
associated with direct inspection and controlled experimentation. Within this context,
PBSHM enables the exploitation of transferable diagnostic knowledge, thereby reducing
the dependency on complete datasets for individual assets. This strategy facilitates damage
inference in a target structure by using information obtained from a source structure, which
is particularly advantageous for large-scale underground networks where only partial
monitoring is feasible.

The analysis was conducted under a fixed-input configuration, using Tys(,) to perform
the damage detection task. Datasets were expanded via data augmentation, incorporating
the previously defined TFs affected by Gaussian noise at a 1% noise-to-signal ratio. This
approach aims to evaluate whether features extracted from a reference tunnel can be
effectively adapted to a different, yet similar, configuration while preserving their diagnostic
sensitivity and reliability.

The SA procedure consists of two main variants: the Normal Condition Alignment
(NCA) and the Normal Correlation Alignment (NCORAL) [29]. In this study, the NCA
approach was implemented, which performs translation and scaling operations on the
target features to minimise their statistical discrepancy from the source domain. This
alignment process assumes that the main differences between domains arise from geo-
metric or material variations rather than from damage effects, thus allowing the trans-
fer of meaningful diagnostic information. The source dataset comprised the feature set
Xg = x1,X2,...,X; € xs and corresponding labels Ys, where k = 100 represents the total
number of samples, evenly distributed between undamaged (y = 0) and damaged (y = 1)
conditions. The training process additionally included 25 undamaged samples (y = 0)
from the target domain, Xt = x1,x2,...,x; € x7, while a balanced subset of 50 target-
domain samples was reserved for testing. The knowledge-sharing scheme is represented in

Figure 10.
Source domain Torget domain
(1° tunnel) (2° tunnel)
e’ %o TRAIN TEST
o © - 50 T45 samples 25 T45 samples
o ° in class 0 in class 0
° ¢ 25 T45 samples
X x inclass 1
X «x X TRAIN
SIS D e somples ;’l;{lrlN samples
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x |n class 0
=

Hormomsed through SA

Figure 10. Knowledge-sharing scheme representing the source and target domains and their subsets.
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The NCA computes the means and standard deviations of undamaged sam-
ples—denoted as sy, 0su, i, and oy ,—and applies the transformation described in
Equation (5) to the entire dataset.

. 0 _
Z,E]) = Sl -7 X Ogn + Usn ®)
Otn

’

Following SA, the TDIs were computed with respect to the undamaged source samples.
The balanced source dataset also enabled the derivation of a classification threshold using
a Support Vector Machine (SVM) algorithm with a radial basis function (RBF) kernel to
distinguish between damaged and undamaged test samples. The balanced source dataset,
comprising 50 undamaged and 50 damaged samples from the source tunnel, was used to
train the SVM, while 25 undamaged samples from the target tunnel were included in the
SA step but not in the classifier training. The decision boundary was determined on the
source-domain data, and the resulting model was then directly applied to the aligned target-
domain features without further retraining. The outcomes of the proposed methodology are
presented in Figure 11, with the reported results averaged over 100 repetitions to enhance
statistical robustness.

* Source - class 0
¢ Source - class 1
+ Target - class 0
+ Target - class 1 44.3%
— Threshold

107 1

DI
g
True Class

e,

|
0 50 100 150 1 2
Samples Predicted Class

(a) (b)

Figure 11. Damage-detection performance on the second metro-tunnel after domain adaptation.
(a) Damage indicators on the test set. (b) Confusion matrix.

Figure 11a displays the values of the DI for the source domain, used for training,
and the values of the DI computed for the target-domain test set, together with the SVM
decision threshold learned from the source data. Each point represents an individual
sample, coloured according to its true class (undamaged or damaged), so that the separation
induced by the classifier can be directly visualised. Figure 11b reports the corresponding
confusion matrix for the target tunnel, obtained by aggregating the classification results
over all repetitions.

The obtained results, reported in terms of F; score and recall, indicate that the pro-
posed PBSHM approach, supported by SA, allows for consistent and reliable damage
detection in the target tunnel even under limited data availability. In particular, the recall
measures the proportion of damaged samples that are correctly identified by the classifier,
while the F; score represents the harmonic mean of precision and recall, thus combining the
effects of missed detections and false alarms into a single indicator. This finding supports
the potential scalability of the framework to other underground assets, provided that a
representative source structure is available. In addition, the method’s robustness to mild
domain discrepancies suggests that the statistical alignment procedure can effectively com-
pensate for moderate heterogeneity between structures, strengthening the generalisation
capability of vibration-based SHM systems. The PBSHM framework was subsequently
extended to assess multiple damage scenarios, thereby evaluating the capability of the

https://doi.org/10.3390/infrastructures11030079


https://doi.org/10.3390/infrastructures11030079

Infrastructures 2026, 11, 79

14 of 16

proposed approach to detect and classify damages of varying severity. To this end, the
target tunnel model was analysed under two additional conditions, involving a 7% and a
9% reduction in the concrete elastic modulus over the same sections illustrated in Figure 1.
These configurations were compared with the reference case featuring a 13% stiffness
reduction to examine the sensitivity of the method to lower damage intensities. The ob-
tained results, summarised in Table 5, confirm that the model retains satisfactory diagnostic
performance even for minor stiffness degradations, thus highlighting the reliability of the
proposed strategy.

Table 5. Summary of PBSHM performance under different damage severities.

Damage Level Reduced Elastic Modulus (MPa) Detection F1 Score (%) Recall (%)

13% 3.0015 x 10* 94.59 94.88
9% 3.1395 x 10* 80.73 81.16
7% 3.2085 x 10* 80.73 81.16

5. Discussion and Conclusions

The current study investigates the application of vibration-based and PBSHM methods
for monitoring underground structures, testing a DA approach on the numerical models
of two metro tunnels. Various hammer impact tests were simulated on the finite element
model of the first metro tunnel structure. These tests aimed to demonstrate the sensitivity
of TFs and CCFs in identifying damage under different conditions. The results show that
the damage indicators presented can accurately locate damage, even in noisy environments.
However, both methods are unable to provide knowledge on the presence of damage, as it is
not possible to establish a threshold for distinguishing between healthy and damaged con-
ditions. To address this limitation, the study extended the analysis to a PBSHM framework,
introducing a second tunnel-soil model to act as the target structure. By leveraging the
information learned from the source tunnel, the feasibility of knowledge transfer between
heterogeneous underground systems has been explored. The implemented DA strategy,
based on SA, effectively reduced the discrepancies between the two models, enabling
the transfer of diagnostic knowledge from the source to the target domain. Through this
approach, damage detection on the second tunnel has been achieved, establishing a classi-
fication threshold derived from the source structure and evaluated via an SVM classifier.
The obtained results confirmed strong predictive capability, with an error rate of only 5.7%
for misclassified samples and an average accuracy of 94.3% across 100 independent trials.
Furthermore, the method was extended to multiple damage scenarios, demonstrating the
reliability of the PBSHM approach, even for lower damage intensities. The results con-
firmed the consistency and sensitivity of TF-based features within the PBSHM framework.
Overall, the findings highlight the potential of combining vibration-based features and
PBSHM strategies for the SHM of underground infrastructures. TFs proved to be effective
not only as direct indicators for vibration-based diagnostics but also as transferable features
within a PBSHM context, supporting knowledge generalisation across similar structures.
Nevertheless, several aspects require further investigation. The analysis is entirely based on
numerical finite element models and relies on a simplified representation of the tunnel-soil
interaction, which does not account for all potential behaviours or construction-related
irregularities that may arise in real underground environments. Moreover, the excitation is
idealised as a hammer impact and does not explicitly consider operational loads, such as
train passages or ambient vibrations, so that the performance of the proposed indicators
and PBSHM scheme under in-service conditions still needs to be verified. In addition,
the proposed framework is applied to a single source—target tunnel pair with limited het-
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erogeneity; the extension to higher-dimensional feature sets, more diverse populations of
structures, and real monitoring data is therefore left for future work.
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