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Abstract. Underground structures play an increasingly important role
in transportation networks and urban areas. Thus, ensuring their struc-
tural integrity is essential for safety and operational efficiency. Among the
Structural Health Monitoring (SHM) methods already proposed for this
type of structure, only a few studies propose vibration-based analyses.
Furthermore, data-driven monitoring of infrastructure networks would
require the installation of several sensors on each structure, which may be
prohibitively expensive for local administrations. The lack of sufficiently
large and comprehensive datasets can be addressed through Population-
Based Structural Health Monitoring (PBSHM). The PBSHM approach,
recently proposed for bridges, wind turbines and aircraft, adopts transfer-
learning algorithms to share damage-state knowledge among similar struc-
tures and establish a large-scale monitoring system when only a few
data are available. This study investigates the potential extension of
knowledge sharing to underground structures, such as metro tunnels, by
analysing feasible features and damage identification strategies and ex-
ploiting the numerical results of two dynamic finite element simulations
to provide a domain adaptation case study.

Keywords: Underground Structures - Structural Health Monitoring -
Knowledge Transfer - Domain Adaptation

1 Introduction

In recent years, the monitoring of underground structures has gained increas-
ing interest among the scientific community mainly because of the inevitable age-
ing of structures being in service for decades and the growing number of newly
constructed tunnels; therefore, it is essential to adopt an effective and reliable
monitoring strategy to ensure structural integrity, operation conditions and users
safety. A variety of Structural Health Monitoring (SHM) strategies have already
been proposed for underground structures, but most of them focus on static
methods, with few investigations on dynamic techniques. Regarding static mon-
itoring, the occurrence of deformations and cracks in tunnel linings have been
extensively investigated for both concrete and masonry structures [16], [12], [13],
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with also some studies based on non-contact strategies, such as in [18], and on
machine (and deep) learning methods [17], [14]. Conversely, dynamic monitoring
techniques exploit the variation in modal properties, or derived quantities, in-
duced by damages; a tunnel’s global stiffness has been evaluated in [20] through
a SHM method based on torsional wave speed whereas Feng et al. [7] employed
Transmissibility and Cross-correlation functions as damage identification tech-
niques avoiding the problem of measuring the external input. Nevertheless, the
close interaction between the tunnel structure and the surrounding soil should
be considered to gain a reliable estimate [19].

Furthermore, using data-driven approaches for SHM becomes challenging
when exhaustive datasets are missing. This issue can be addressed by the re-
cently introduced Population-Based Structural Health Monitoring (PBSHM) [1].
Traditional SHM techniques are implemented to work on a single structure, and
even when machine-learning methods are adopted, the predictive model is up-
dated with the data recorded on that structure. The PBSHM theory overcomes
this limitation by relying on information transfer among a population of similar
structures, using the known information of one source structure to investigate
the state of a target for which some data are missing. A comprehensive discussion
on the PBSHM foundations can be found in [1], [10], and [9], which distinguish
homogeneous and heterogeneous populations based on their similarity. The lat-
ter comprises a group of structures with differences in their geometry, materials
and/or topology, a variety of transfer-learning methods can be adopted, such
as domain adaptation (DA), to harmonise the source and target features and
facilitate data-driven diagnostic inferences. The main assumption behind DA is
to transfer information from the source structure to the target ones, even when
the distributions of the features are not consistent, by reducing the distance be-
tween their domains [8]. Current implementations of this strategy include wind
turbines [2], bridges [15], and aerospace structures [4], [6]. Conversely, PBSHM
has not yet been applied to underground structures. This work first investigates
the feasibility and accuracy of the Transmissibility functions (TFs) and Cross-
Correlation Functions (CCFs) as vibration-based damage identification features
for underground structures by simulating an integrated tunnel-soil finite ele-
ment model under two different loading conditions. Subsequently, the model of
a second tunnel structure is considered, and a DA algorithm based on Statistic
Alignment (SA)[15] is implemented to examine the potentiality of PBSHM for
heterogeneous 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. Subsequently, section 4
explores the domain adaptation algorithm used for PBSHM. Lastly, Section 5
presents the discussions and some conclusions.

2 DModelling and Simulation of Metro Tunnel Dynamics

This section presents the numerical simulation of two metro tunnels, adopted
to prove the validity of TF and CCF in damage identification and to evaluate



the use of a PBSHM approach, assuming the first structure as a source and the
second as a target.

2.1 Finite Element Approach for Tunnel Analysis

The finite element model of the source structure is first introduced. The ma-
terial properties, geometry and modelling strategy refer to the work of Feng
et al. [7]. Accordingly, two finite element models are developed to simulate the
healthy and damaged conditions. The models are built in ANSYS software; since
the case study regards metro tunnels, their interaction with the ground is con-
sidered by developing an integrated tunnel-soil system. The tunnel geometry is
shown in Figure 1. The tunnel structure has a circular cross-section of concrete
segments, represented by a hollow cylinder. The inner diameter equals 5.5 m,
and the outer diameter is 6.2 m, so the wall is 35 cm thick. The longitudinal
length is fixed to 168 m, and each tunnel section is discretised with 16 SHELL181
elements 1.2 m long. For what concerns the soil, its average properties around
the tunnel structure are considered, as in [7]; to simulate its presence, elements
LINK180 and COMBIN14 are respectively used in radial and longitudinal direc-
tions, reproducing a full-circle ground spring behaviour. The soil does not show
tensile resistance. Thus, LINK180 elements are modelled with compression-only
behaviour. Moreover, an elastic modulus of 5.06-10> MPa is assigned to LINK180
elements, while a spring constant equal to 3.0-10° N/m is applied to COMBIN14;
for both LINK180 and COMBIN14, the second edge is fixed. Damage is simu-
lated on a second model by applying a reduction of 13% in the concrete elastic
modulus to the 16 shell elements of the sections at a distance z = 52.8m and
z = 54m in the longitudinal direction, for a total of 2.4 m of damaged concrete
lining. The other material properties, geometry, and assumptions are the same
as in the undamaged configuration. All material properties are listed in table 1;
in addition, for both models, an equivalent viscous damping of 6% is assigned.

Two additional models were developed to represent the second tunnel in

168

12 24 12
‘——1 A_r_t_i
RRRRRNLRRRARARNRIRRRRILIRRARRRRARNRRARIRN" |RURRRRRNRRRR RN RRRARRRRNLRRRD AR RRRRRARRARARRRRRRRRRLRRRARARRRNARRRDAAARRARARRRRANEI 062
Input Damage 5.5
URRRRRNIRRRRARRRNIRRRRNILRARNNARRARRRARILD RURRRRRARRRRLRRRNRRRRNNLRRRDALERRARNARRRA AR RRRANARRRARRRRARRRR A RRRR ML RRRAARRRRRRRE T035
1 2 3 4 5 6 7 8 9 10 1 12 13

Fig. 1: First tunnel geometry and sensors (measures in m, figure not in scale).

healthy and damaged conditions, following the same assumptions of the first
structure. The element discretisation and the soil properties are unchanged,
while the geometry and material properties are obtained from [11]: the inner
diameter is equal to 5.6 m, 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 re-
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Material Elastic modulus [MPa][Poisson’s ratio[Density [kg/m7]
Concrete 3.45-10% 0.2 2551
Damaged concrete 3.0015 - 10% 0.2 2551
Soil 5.00 0.3 1836

Table 1: Concrete and soil properties for the first tunnel structure.

duction of 13% in the concrete elastic modulus) while exhibiting heterogeneous
attributes, as discussed in [5]. Table 2 summarises the material properties.

Material Elastic modulus [MPa][Poisson’s ratio[Density [kg/m7]
Concrete 3.62 - 10" 0.2 2551
Damaged concrete 3.1494 - 10* 0.2 2551
Soil 5.00 0.3 1836

Table 2: Concrete and soil properties for the second tunnel structure.

2.2 Simulation of the Experimental Test Procedure

A hammer impact test is simulated on both models of the first structure to
acquire the acceleration responses. Thirteen measurement points are selected at
the tunnel bottom with a constant distance of 12 m in the longitudinal direction,
as shown in Figure 1. This study proposes two different test procedures to deepen
the feasibility assessment of these strategies for tunnel monitoring. In the first
one, a vertical impulsive force is applied in a fixed position (point n.2), and the
acceleration responses in the vertical direction are gathered for all the sensors;
in the second case, the external input is applied sequentially to each section
1+ 1, and the acceleration responses are measured only for points 7 and ¢ + 1.
For both cases, the external input has a duration of 5 ms and an intensity of
4800 N, based on hammer models available for similar applications; a sampling
frequency equal to 800 Hz is adopted, whereas the measurement duration is set
to 4.5 s. Figure 2 shows two output accelerations in positions 1 and 2 for an
external input at location 2.

3 Damage identification strategies and Results

This section provides a brief theoretical description of the two damage iden-
tification strategies. Afterwards, their feasibility and accuracy are analysed in
the numerical case study. For a viscously damped n-degrees of freedom (DOF)
system, the forced vibration problem is ruled by the equation Mk (t) + Cx(t) +
Kx(t) = f(t), in which M, K, C are the mass, stiffness and damping matrices
respectively, x(t) is the displacement vector and f(¢) is the load vector. The TF
between two DOFs i and j, for the external load applied in the k** DOF is
denoted as Tj;(x). One benefit of this feature is that it can be calculated without
the need to measure the external input or the Frequency Response Function
(FRF). The transmissibility damage indicator (TDI) between DOF's ¢ and j, for
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Fig. 2: Acceleration time histories for external input at location 2 in the undam-
aged model (truncated signals).
the external input applied in k, is defined as:
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TDIjx) = (1)
where w; and wo define the frequency range of interest, Tg(k) and Ti?( k) identify
the TF for the undamaged and damaged conditions respectively.

Considering the DOFs i and j of the previous n-DOF's system, the CCF can
be computed from their acceleration responses Z;(t) and &;(t) with a time lag 7:

Riy(r) = lim % /0 B4(0)5 (t 4+ 7) dt @)

The CCF can be normalised with respect to the zero-lag autocorrelation func-
tions. Hence,the cross-correlation damage indicator (CDI) is given by the Equa-
tion (3), where superscript U and D denote the normalised CCFs in undamaged
and damaged conditions respectively.

b Sp sy

RP| — |RU

CDI;; = 2t | kf|~U‘ ull
Zkl |Rij|

3.1 Results for Fixed Input Location

3)

The following figures show the results obtained from the fixed input (applied
on sensor 2) test, simulated on the first tunnel. Having estimated the natural
frequencies of the structure through the FRF plot, for the application of Equation
(1) the frequency range 5-40 Hz was chosen, whereas the range of 0.15-0.35 s
was used for the CDI. The damage is clearly identified by the TDI between
sensors 4-5, where the highest value is reached, as shown in Figure 3. Instead,
the CDI fails to accurately identify the damage location, displaying higher values
at different pairs of points. Consequently, its validation does not succeed for the
fixed input at position 2 within the specified time range.
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Fig. 3: Transmissibility functions and TDIs for fixed input location in 1-2.
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Fig. 4: Cross correlation functions and CDIs for fixed input location in 1-2.

3.2 Results for Variable Input Location

The following figures provide the results found with variable input location
(first tunnel); the damage should be detected between pair 4-5. The ranges of
interest considered are again 5-40 Hz for the TDI and 0.15-0.35 s for the CDI.
As visible in Figures 5 and 6, both damage indicators are capable of correctly
localising the damage, showing their higher value at pair 4-5. In addition, by
comparing the TF and CCF plots of pairs 1-2 and 4-5, it is distinctly visible
that the former presents higher differences between the healthy and damaged
conditions because of the closer presence of damage.

3.3 Noise Effects on the Damage-identification Process

Further research on TFs was performed by evaluating their sensitivity to
noise for loading condition 2 (mobile input location); this survey is useful to
simulate real testing conditions, in which the collected responses are often al-
tered by the presence of noise or random and systematic errors. Thus, the pre-
viously stored acceleration measurements are disturbed by applying Gaussian-
distributed noise levels equal to 0.1%, 1%, 3%, as in [7]. Figure 7a shows that the
TDI damage indicator can successfully identify the damage even in the presence
of noise. Similar results are found for the CDIL.
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Fig. 7: TDI and CDI for mobile input location under different noise levels.

4 Applying Population-Based SHM to Underground
Structures

As these features proved to be sensitive to damage and exhibit generalisable
behaviour across similar structures, the current study addresses the possible use
of TFs in the PBSHM framework, adopting SA for information transfer be-
tween the structures. The use of SA is motivated by the high similarity between
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the structures, only differing in some geometrical and material attributes [3].
While the prior analysis only focused on damage localisation based on individ-
ual comparisons of transfer functions, the TDI range does not deliver insights on
the presence of damage nor the possibility of assessing a threshold for anomaly
detection. On the other hand, this task can be tackled by utilising additional
knowledge from an appropriate source domain. The analysis is performed as-
suming a fixed-input setup and selecting Ty5(2) to address the task of damage
detection. The datasets are built via data augmentation employing the previ-
ously defined noise-polluted TFs (1% noise-to-signal level).

The SA comprises two methods: the Normal Condition Alignment (NCA)
and the Normal Correlation Alignment (NCORAL) [15]. This study implements
NCA, which leads to a translation and scaling of the target features to min-
imise the differences from the source. The source domain includes the features
Xs = {z1,22,..xx} € xs and their labels Yg, where £ = 100 is the total
number of samples, evenly split between undamaged (y = 0) and damaged
(y = 1). The training set also includes 25 samples from the target domain,
Xr = {x1,22,..21} € xr acquired in undamaged conditions (y = 0). Subse-
quently, a balanced set of 50 samples from the target domain is adopted for
testing the algorithm. The NCA calculates the means and standard deviations
based on samples that are in undamaged condition.(i.e., fis n, 0s.n and fit n, Or.n),
and applies a transformation to the complete dataset (Equation (4)).

(9)
zLEJ) _ T Htn  Gom+ fian (4)
Otn

After SA, the TDIs can be computed with reference to the source samples from
undamaged conditions. Furthermore, the balanced source dataset allows to com-
pute a threshold, based on Support Vector Machines (SVM), for classifying the
test samples. The results of the proposed approach are shown in Figure 8. Ad-
ditionally, the test results are averaged over 100 repetitions to ensure outcomes
robustness.
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Fig. 8: Damage-detection performance on the second metro-tunnel after domain
adaptation.



5 Discussion and conclusions

The current study investigates the application of vibration-based and PB-
SHM methods for monitoring underground structures, exploiting numerical mod-
els of two metro tunnels. The hammer impact tests conducted on the finite el-
ement model of the first metro tunnel structure proved the sensitivity of TF's
and CCFs in localising damage under both loading conditions examined. This
sensitivity is evident even under the influence of noise. However, both methods
are unable to provide information on the presence of damage, as it is not pos-
sible to establish a threshold for distinguishing between healthy and damaged
conditions. By considering a second tunnel, the use of TFs has been extended to
a PBSHM approach, where a DA algorithm built on SA has been used to min-
imise the differences between source and target. Hence, damage detection can
be carried out on the second tunnel, exploiting the knowledge acquired from the
first structure to produce a threshold for classifying the new target samples. The
results demonstrate significant performance and robustness, with an acceptable
error rate of only 5.7% for incorrectly detected test samples and an overall preci-
sion of 94.3%, averaged over 100 repetitions. This study shows how TFs can be
relevant not only as sensitive features as vibration-based damage techniques but
also in a PBSHM framework for heterogeneous underground structures, paving
the way for further insights into this methodology for similar structures.
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