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Abstract: Urban railway track infrastructures often suffer from damage that affects their service
performance due to a variety of factors. In this study, an unsupervised feature selection and damage
identification method based on globally sparse probabilistic principal component analysis (PCA) is
proposed for urban railway tracks using the monitoring data of train-induced dynamic responses. A
Bayesian framework is proposed for generating principal components on a basis of vectors (original
variables) with a global sparseness pattern instead of separate patterns in a traditional sparse PCA. In
this framework, a variational expectation-maximization algorithm is employed to obtain the tractable
calculation of the marginal likelihood function for learning all uncertain parameters of the Bayesian
model. The obtained principal components are linear combinations of the very same set of important
variables, making our method better interpretable than the traditional sparse PCA. We can clearly
understand which original variables are most relevant for describing the data. The track damage
is identified simply by discriminating the corresponding measured dynamic responses using the
binary elements of the latent vector inferred from the Bayesian globally sparse PCA algorithm. The
usefulness is demonstrated by successfully identifying the track bed plate crack damage through the
actual train-induced dynamic responses collected from the structural health monitoring system of an
urban railway track infrastructure, where the method is able to achieve F; scores of 90% or higher for
various scenarios.

Keywords: feature selection; damage detection; principal component analysis; sparsity; Bayesian
inference; structural health monitoring; urban railway tracks

1. Introduction

With the development of urbanization in recent years, urban railway tracks have been
widely constructed and have become important transportation infrastructure. The track
directly bears the train load, and its geometric shape and position are easily affected by
the deformation of the foundation, so the track is the work focus of daily maintenance.
Under the coupling effect of various factors such as vehicle load, environmental erosion
and material aging, the existing track structure performance gradually degrades, resulting
in a variety of damages, which usually occur at the rail, fasteners and roadbed. When
the damage accumulates to a certain degree, it will seriously threaten the safety of urban
railway tracks. Therefore, timely and reliable identification of possible damage to urban
railway tracks is an urgent issue that is of great significance for the maintenance and
operation of urban railways as well as for ensuring traffic safety [1].
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The current track inspection methods mainly include daily manual inspection, static
track inspection and dynamic inspection. The most typical one is manual inspection [2],
which determines whether damage occurs by visual observation and simple instrumen-
tation measurement. However, there are several problems with manual inspection. First
of all, daily manual inspection can only be carried out during daylight hours and cannot
be conducted during the normal operation of the track, so the damage cannot be found
in time. In addition, a large number of workers are needed for daily inspection to ensure
the effectiveness of the inspection. Recently, with the development of artificial intelligence,
some machine vision-based inspection algorithms have been developed for efficient auto-
matic surface damage detection [3]. However, it is difficult for hidden or inconspicuous
damage to be identified using these techniques.

Structural health monitoring can well solve the above bottlenecks by installing sensors
on tracks to sense, collect, transmit and process monitoring data in real time and has
become an important way to ensure the safety of urban rail transit and other transportation
infrastructure in service. Based on the monitoring data, a wide variety of damage detection
methods have been proposed in recent years, including model-based and data-driven
methods. In the past, model-based approaches [4,5], which required an accurate structural
model to identify possible damage, were the main trend. To ensure the accuracy of the
structural model, a large amount of high-quality measured data is required for model cali-
bration and updating. The susceptibility to inevitable modeling errors and the requirement
of costly resources have also limited the success of these models. With the advancement of
pattern recognition and machine learning in the last decade, data-driven methods [6-8]
provide a promising computational tool to avoid the issues mentioned above without
models. These methods extract some damage-sensitive signal features and recognize (or
identify) the damage by the measurement of data abnormalities, that is, changes in the
exacted feature pattern. The different types of track damage identification methods and
their drawbacks are summarized in Table 1.

Table 1. Summary of track damage identification methods.

Methods Identification Means Drawbacks
. . Visual observation and simple Inability to detect damage in time, difficulty
Manual inspection [2] . . . . . .
instrumentation measurement in detection of inconspicuous damage

Model-based method [4,5]

Requires large amounts of high-quality data

nstructing an accurate structural model oo .
Constructing ceurate struc ode for model calibration and updating

Data-driven method [6-8]

No physical information about the structure

Extract damage-sensitive signal features ..
is incorporated

Principal component analysis (PCA) [9,10], a well-established technique for feature
extraction and dimensionality reduction, has numerous applications in statistical learn-
ing, such as handwritten numeral recognition [11,12], face recognition [13,14] and feature
analysis [15,16]. This technique is especially effective for dimensionality reduction in big
data. For example, Gadekallu et al. [17] applied PCA to tomato disease classification to
effectively reduce the relevant features in the dataset, further reducing the training time of
the machine learning algorithm. Reddy et al. [18] analyzed and compared dimensionality
reduction techniques on big data and found that PCA is superior to linear discriminant
analysis. The conventional PCA approaches seek linear projections of the original vari-
ables onto a “principal” subspace with the directions of maximum variance by means of
eigenvalue decomposition. However, the feature extraction procedure in conventional
PCA is not simple to interpret, as the principal components are linear combinations of all
single original variables for multivariate data. To tackle such problems, sparse PCA was
developed by involving an automatic selection of the appropriate model dimensionality
with high-dimensional data; i.e., the principal components obtained by sparse PCA are
linear combinations of only a few important variables, which facilitates the interpretation
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of data feature selection in practice. The main methods commonly used are the addition
of a regularization term [19,20] and the use of promoting sparsity of a prior distribution
for the coefficients of the projection matrix [21,22]. However, the sparseness patterns of
the original variables for each principal component may be different, and thus we need to
understand which original variables are active for interpreting each principal component
separately. In this study, the monitoring dynamic responses of the track bed plate in each
measurement area during the pass of each train are truncated and employed for analysis.
Due to the unified structural layout of the track and trains as well as the similar mechanism
of the train loads, it is expected that the monitoring vibration data of the track induced
by each train should share some common features. These common features need to be
robustly mined using an effective PCA method. To this end, a Bayesian globally sparse
PCA method [23] is first introduced for urban railway track damage identification in this
study, with the aim of globally selecting which original variables are relevant for describing
the data. Rather than observing the principal components, the global sparseness pattern of
the selected original variables recognized by Bayesian globally sparse PCA is employed
as a damage-sensitive indicator. This is because, in a damage identification problem, the
damage-induced feature change may not be a global characteristic of the data matrix (may
include both the undamaged and damaged signals) and cannot be selected by Bayesian
globally sparse PCA considering the infrequent occurrence of the track damage. The
method is applied to the actual monitoring data of a subway line, and a comparative study
with the state-of-the-art Bayesian sparse PCA method is also performed for demonstrating
the superiority of the presented method. The method is effective in identifying potential
track damage in time by monitoring data abnormalities, even if the track is in service or the
damage is inconspicuous. This is also the main contribution of the paper.

The rest of this paper is organized as follows: A Bayesian globally sparse PCA method
for unsupervised feature selection and subway track damage identification is introduced in
Section 2. Illustrative examples are presented in Section 3 to validate the proposed method,
and the conclusions drawn are presented in Section 4.

2. Bayesian Globally Sparse PCA for Feature Selection and Damage Identification
2.1. Bayesian PCA Model

In this study, the monitoring dynamic response data of the track bed plate in each
measurement area during the pass of each train will be truncated and employed for analysis.
Each D-dimensional measurement data (column vector) is denoted as x;, and then we
have a data matrix X = [xq,...,xy]’ € RN*D. PCA tries to find a linear projection of the
data onto a principal subspace of much lower dimensionality, under which the variance is
preserved as much as possible.

Due to the benefits of probabilistic modeling, a probabilistic formulation of PCA [24]
was well established, which forms the basis for diverse Bayesian formulations [25-27]. The
formulation starts from the introduction of an explicit latent vector z € RM corresponding
to the principal-component subspace. A zero-mean and unit-covariance Gaussian prior
probability density function (PDF) is assumed for the latent vector z:

p(z) = N(z[0,1m) ¢))
A Gaussian likelihood function of z can also be defined as follows:
p (x|P, z, (72) = N (x|Pz,c*Ip) 2

Probabilistic PCA assumes that the observed variable x can be expressed by a linear
transformation of the latent vector z with a Gaussian prediction error term ¢, i.e, x = Pz +
e. Here, P € RP*M is a loading matrix, and ¢ ~ N(g|0,0?Ip), which is the maximum
entropy distribution [28,29].

It can be seen that the likelihood function of P and ¢ can be obtained effectively by
integrating out the latent vector z:
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p(X|P,UZ) = fp(X|P,Z,UZ)p(Z>dZ (3)
= [ N(x|Pz,0?Ip)N (z|0,1y)dz = N (x|0,PPT + ¢?Ip)

An automatic relevance determination prior [30] used to be defined for loading matrix
P in the Bayesian formulation of PCA [25] for determining the effective dimensionality of
the latent vector z automatically. In addition, a non-informative prior can be assigned for
the prediction error variance ¢2. Then the uncertain parameters P and ¢ can be learned
from their posterior PDF p (P, 0 |x), which is computed from Bayes’ Theorem:

P(P, UZIX) o P<X|Pr ‘TZ)P(P)P(‘72> )

which is proportional to the product of the likelihood function and prior PDE

For conventional sparse PCA [21,22], its loading matrix P would be expected to have
few nonzero coefficients. However, each principal component usually selects different
relevant variables (data columns) in data matrix X because we do not have the same
sparseness pattern, i.e., they cannot be expressed as the linear combination of the same
active variables in X. This will lead to the consequence that we must interpret each principal
component separately, which may be inconsistent with the analysis of the track monitoring
data. Due to the unified structural layout of the track and the similar mechanism of the train
loads, it is expected that the monitoring vibration data of the track induced by each train
should share some common features. Meanwhile, considering the infrequent occurrence of
the track damage, the damage-indued feature may not be a global characteristic of the data
matrix X (may include both the undamaged and damaged signals) and cannot be selected
by Bayesian globally sparse PCA. Therefore, the same sparseness pattern of all principal
components called global sparseness [23] is adopted in this study, and we can use these
global characteristics as a damage-sensitive indicator.

In the next subsection, a Bayesian inference framework for globally selecting relevant
features is formulated. Note that the other motivation is that we can obtain orthogonal and
uncorrelated principal components when performing PCA on the relevant variables with
global sparseness [23].

2.2. Bayesian Inference for Globally Sparse PCA

For the purpose of enforcing the global sparseness, all elements in several rows of
the loading matrix P should be constrained to be zero [23]. To realize this, a binary vector
o< {0, 1}D whose nonzero entries correspond to those relevant variables in x is introduced.
This leads to the following linear model:

x = OPz+ ¢ 5)

where O = diag(o). Note that the feature selection (selecting the active variables, which
are the elements in vector x or the columns of the data matrix X) can be realized by simply
observing the binary vector o, and thus the loading matrix P can be regarded as latent
parameters in the formulation below.

Assume that the coefficients in the loading matrix P are independently and identically
distributed. The prior for loading matrix P is assigned as an isotropic Gaussian distribution:

pPla) = T1;_  TTY_ [ N (Panl0,a?) (©)

Similar to Equation (3), the likelihood function for the loading matrix P given observations
x is obtained as follows:

p(xlo,P,0?) = [p(x|o, P,z 0%)p(z)dz

= [ N(x|OPz, 6’Ip) N (z|0,Iy)dz = N(x|0,OPPTOT + o6°Ip) @
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Based on the Bayesian modeling above, the acyclic graph of the hierarchical Bayesian
model for Bayesian globally sparse PCA is shown in Figure 1, where each arrow denotes
the conditional dependencies used in the model.

O—E—0—©

©

O—Uncertain variables O—Observed variable

Figure 1. Acyclic graph of the hierarchical Bayesian model.

From the evidence-maximizing procedure in Bayesian learning [31-33], it is known
that the uncertain parameters {o, «, 02} can be learned by maximizing the following
marginal likelihood function (evidence function) if non-informative priors are assigned for

{0, o, 0% }:
p(x\o,oc,az) = /p<x|P,o,02>p(P|oc)dP 8)

However, this integral of the matrix above seems intractable and hard to be computed
analytically. Furthermore, it is a challenging task to determine the value of binary vector o,
as there is a total of 2P possible values for o because of its discreteness. It is still difficult even
if the marginal likelihood has a closed-form expression. Therefore, a simple continuous
relaxation of the problem is considered by replacing o with a continuous vector v € [0, 1] b,
Then the linear model for the observations becomes

= VPz+¢ )

where V = diag(v). For a more concise representation, the uncertain parameter vector
to be learned is denoted as 0 = {v, o, 02}. Both the reduced dimensional data z; and the
matrix P are considered as latent variables. Next, we use the variational approach [34] to
maximize the evidence function p(X|0):

p(X[0) ZZpXZP\e (10)

Given a variational distribution g over the space of latent variables, its logarithmic
form can be decomposed as follows:

Inp(X|6) = L(q,0)+KL(q]|p) (11)

L£(q,0) = Yq9(Z,P)Inp(X,Z,P|6) — LY. q(Z,P)Ing(Z,P)
Z7P ZP (12)
= Eq[lnp(X, Z,P|6)] + H[q(Z, P)]
B N p(Z,P|X,0)
Lallp) = =12 Pl { 1z, P) } (13)
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where Z = [zy,...,zn]" € RN*M, £(g,0)isa generic function of the variational probabil-
ity distribution q, KL(q||p) represents the KL divergence between the variational distribu-
tion g and the true distribution p, and H[q(Z, P)] represents the entropy of the probability
distribution ¢(Z, P). Since the KL divergence KL(g]||p) is non-negative, £(g, ©) becomes a
lower bound on the log-evidence function £(g,0) < In p(X|0). The problem now translates
into maximizing the £(g, 0). Based on the mean-field theory [35], the distribution of the
latent variables is approximated as follows:

q(Z,P) = q(Z)q(P) (14)

We can find the maximum likelihood estimations of the uncertain parameters using the
expectation maximization (EM) algorithm [34]. For the E-step, £(g, ©) is maximized with
respect to g, while the parameter © remains fixed. The variational posterior distribution of
the latent variables which maximizes the £(g, 0) is given by

N
q9(2) = ), N(ziw,I) (15)
i=1
D
q(P) = Y N(pymy, Si) (16)
k=1
where, foralli € {1,...,N}andk e {1,...,D}
[
u = EZM Vx; (17a)
_ &S - 17b
my = o2k Z Xi kM (17b)
i=1
-1 1 0 TyT 1 &,
I = Iyt SMVIM+ Y Sk (17¢)
k=1
N 2 2
S = ,XZIMJF—P;"ZJFV—’;MTM (17d)
o 1%

whereM = (mg,...,mp)" and M = (u,...,un)".
In the next M-step, keeping q unchanged, £(g, 0) is maximized with respect to the
parameter © to obtain the updated value 8"°“. The updated parameters are

—-1/2

new 1 2 T

W = | 5 L Tr(Sk+mkmk) (18)
k=1

Tr (xTx _ 2XVMM)

o B L () s emal)]

and, fork € {1,...,D},

2 N N
. v
o™ = argmin ¢ '21 Tr KZ + H1H1T> (Sk + mkmg)} -0 -21 Xipmgh;  (20)
1 1=

In the final step, for global sparse feature selection purpose, the binary vector o€
{0,1 }D should be obtained by the transformation from the most probable values of contin-
uous vector v. One of the straightforward approaches is to pick a threshold 7, and elements
in v greater than this threshold are set to 1. However, determining how to pick a suitable
threshold would be an issue.
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In [23], a transformation procedure has been formulated based on the formulation
of an exact form of the marginal likelihood function. We define the set of vectors o*) as
the binary vectors such that, for each k, the k top coefficients of v are set to 1 and the

D
others are set to 0. The marginal likelihood function is evaluated for all {o(k) }k v and the

number of relevant variables k is chosen such that the marginal likelihood is maximized.
The advantage of this is that we only need to deal with a family of D models instead of
2P, Even when the number of input variables is large, our method still guarantees high
computational efficiency.

After obtaining the binary vector o, the original variables which are most relevant
for describing all principal components are determined, so that all principal components
obtained are linear combinations of these selected variables. This has better interpretability
than traditional sparse PCA in which each principal component is a linear combination of
different original variables.

2.3. Feature Selection and Damage Identification Procedure for Urban Railway Track

In Section 2.2, the feature selection of the track monitoring data is realized by the global
sparseness pattern of the selected original variables for PCA analysis. The track damage
then can be identified from the judgment of abnormalities in the nearby measurement data,
if the structural local responses are measured (in the illustrative example in Section 3, the
strain responses are collected by fiber optic grating array sensor). The whole procedure
for feature selection and urban railway track damage identification can be summarized as
follows:

(1) Based on the inputs of the data matrix X € RN*D of track monitoring and dimen-
sion M of the latent space in z, the EM algorithm is performed iteratively from the
initially selected values to infer the most probable values of the uncertain parameter
{v,a,0%,1y,...,un,my,...,mp,Sy,...,Sp, L} using Equations (17)(20).

(2) The most probable values of continuous vector v are transformed into a binary vector
0c{0,1 }D, and the selected relevant variables (data columns) in the data matrix X
correspond to the nonzero entries in vector o.

(3) The binary elements (0 and 1) of the inferred vector o are employed to distinguish
whether each monitoring data piece is associated with an abnormal (element value
is 0, indicating there is damage occurring in the areas near the sensor) or normal
(element value is 1, indicating there is no damage occurring in the areas near the
sensor) condition.

(4) Inspection of the track is performed in the areas near the sensor for precise localization
of damage.

3. Engineering Verification

In this section, the analysis of the monitoring data collected from the SHM system of
an urban railway track in China is conducted to verify the effectiveness and practicality
of the proposed method. To present a further quantitative presentation, three metrics are
adopted to evaluate the damage identification performance. Moreover, the influence of
the dimensionality of latent variable z on the damage identification performance is also
investigated.

3.1. Urban Railway Track Monitoring Data

The urban railway investigated in this study has been put in service in the last few
years. The line is laid seamlessly, and welded joints are employed at the track joints. The
concrete track bed was cast on-site, and the short rail sleepers were embedded in it to form
the integral rail bed.

A fiber optic grating array sensor system is employed for track monitoring
(see Figure 2a). The fiber optic cable is arranged on the surface of the track bed plate
along the track (parallel to the track) in a long section. The measurement areas are con-
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FBG

Measurement area A

FBG FBG / FBG FBG

_IMTITH_

Measurement areas

nected in series, and each measurement area has a length of 5 m along the track, which is
also the distance between adjacent fiber Bragg gratings (FBGs). The structural vibrations
are calculated by detecting the phase change of the optical waves by micro-vibrations
between adjacent FBGs, and the measured vibration for each measurement area is the
average dynamic strains between the adjacent FBGs. The sampling frequency is 1000 Hz.

Damage location

(a) (b)

Figure 2. (a) Fiber optic grating array sensor for track monitoring; (b) crack damage of the track
bed plate.

Figure 2b displays a crack occurring in the track bed plate, which may cause groundwa-
ter to penetrate into the bed. The length, depth and average width of the crack are around
1.1 m, 0.5 m and 2 mm, respectively. The track plate crack is located near the location where
the two measurement areas are connected, and the two measurement areas will be denoted
as measurement areas A and B (see Figure 2a). The direction of the crack is somewhat
inclined at the edge of the track plate and then becomes approximately perpendicular to the
track at the middle of the plate. As each train passes, the monitored train-induced dynamic
responses of measurement areas A and B before and after the occurrence of damage are
truncated for analysis, and the representative signals are shown in Figure 3.

Measurement area B

Measurement area A Measurement area B

3

0 5 10 15 0 5 10 15

Dynamic strain (x10°pe)
Lo
Lo o
Dynamic strain (x 103}18)
-IL < -
< -

12 0 3 6 9 12 0 5 10 15 0 5 10 15
Time (s) Time (s) Time (s)

(a) (b)

Figure 3. Original monitoring data collected from two different measurement areas for time periods:
(a) without damage; and (b) with damage.

It can be seen from Figure 3 that the lengths of the signals vary due to the varying
speeds of trains passing through the measurement area. In order to align the monitoring
data for PCA calculation, one piece of the data corresponding to the passage of a train was
referred to as the standard signal, and the initial measurement times and train speeds of
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3

Dynamic strain (x10°pg)

other time series were adjusted by translation and scaling in the time domain. Interpolation
correction was then carried out for the misaligned data, and the one with the greatest
correlation with the standard signal was selected as the alignment result. The signals after
data alignment are demonstrated in Figure 4.

ottt o b M\W o MJ&MMMWMM

oo o gt éow«.ﬁmww W\M\wﬂ : MMW WWU\M .

ot o o o ol o WM o

0 2Time (;; 6 0 2Time ( :3 6 0 2Time (S 6 0 Tlme (S) 6
(a) (b)

Figure 4. Monitoring data after data collected from two different measurement areas for time periods:
(a) without damage; and (b) with damage.

From the comparison of the signals during the periods without and with damage in
Figure 4, it can be seen that there is some difference in the waveforms; i.e., some waveforms
are more spurious in the time domain for damaged signals, but this is not true for all
measurements. However, to avoid false and missed identifications, a reliable method
is required to identify track damage in a timely manner to guarantee the safe operation
of urban railway transportation. In the next subsection, the performance of the damage
identification method based on Bayesian globally sparse PCA is investigated.

3.2. Urban Railway Track Damage Identification Performance

As described in Section 2, the binary elements (0 and 1) of the binary vector o inferred
from the Bayesian globally sparse PCA algorithm are employed to discriminate whether the
monitoring data are associated with damaged (element value is 0) or undamaged (element
value is 1) states. To verify the effectiveness of the proposed method, we specifically
designed two scenarios. The main difference between these two is whether all data columns
in the data matrix X for feature selection are collected from the same measurement area or
not. This is useful for practical applications if we are able to identify damage effectively
using even monitoring data collected from different measurement areas for PCA analysis.

3.2.1. Scenario 1: Verification in Single Monitoring Area

In this subsection, 130 columns of data pieces, each with the number of points
N = 7346 (each corresponding to the passage of a train, i.e, D = 130) collected
from the same measurement area, are employed to compose the data matrix X for PCA
implementation.

Note that the original variables (data columns) for feature selection in the globally
sparse PCA here have 130 dimensions, we need to globally determine the most relevant
data columns for yielding the principal components of data matrix X. The dimension
M of the latent variable z is set to be 10. We first run the Bayesian globally sparse PCA
approach to analyze the track monitoring data for measurement area B. The measured
data are divided into two cases of 130 columns of undamaged data, and 115 columns of
undamaged data plus 15 columns of damaged data, and the first six principal components
obtained in both cases are shown in Figure 5. The principal components are a small set
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of summary indices that can retain most of the information in the original set of data
variables. The maximum possible information contained in matrix X is squeezed into the
first-order principal component, the maximum remaining information is squeezed into
the second-order principal component, and so on. However, as can be observed from the
figures, the computed principal components are not very sensitive to damage and thus
are not applicable for urban railway damage identification. This also indicates that the
infrequent damage cannot induce a significant change in the key directions for constructing
the data matrix X. Next, the global sparseness pattern vector o recognized by Bayesian
globally sparse PCA will be investigated.

Ist 2nd 3rd Ist 2nd 3rd
2 40 40 40 £ 40 40 40
= o] o I |2 o o o J
g 40 -40 ‘ —40 | £ 40 -40 ‘ —40 ‘
g 0 2 4 6 2 4 6 S 0 2 4 6 2 4 6
= 4th Sth 6th — 4th Sth 6th
g 40 40 40 g 40 40 40
- ’ ] T ] ] |
£ w0 40 40 L E [ [ |
0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6
Time(s) Time(s) Time(s) Time(s) Time(s) Time(s)
(a) (b)

Figure 5. The first six principal components obtained by Bayesian globally sparse PCA approach
for cases with (a) 130 columns of undamaged data and (b) 115 columns of undamaged data plus
15 columns of damaged data.

To examine the damage identification performance of the global sparse pattern vector
o, we run the Bayesian globally sparse PCA approach using the data matrix X consisting
of 115 columns of undamaged data and 15 columns of damaged data from measurement
areas A and B, separately. By comparing binary elements (0 and 1) of the vector o with the
actual ones and counting the number of correct identifications for both the undamaged and
damaged classes, the confusion matrices between the actual damage data and the damage
identification results can be obtained, as shown in Figure 6. The results show that for data
from measurement area A, our algorithm achieves 100% identification accuracy for the
damaged data columns, while for the undamaged data columns, the accuracy decreases
to 80.87%; i.e., 19.13% of the undamaged data are incorrectly identified as damaged.
Therefore, our method is effective in avoiding missed identifications, even though false
identifications sometimes occur. The results are similar for the data from measurement area
B: the accuracies are 100% and 87.83% for damaged and undamaged data, respectively.

Confusion matrix Confusion matrix o

93 22 08 101 14 0.8
Undamaged Undamaged
80.87% 19.13% 87.83% 12.17%
— 0.6 —_ 0.6
< <
s =]
= =
] o
< 04 < 0.4
15 15
Damaged Damaged
100.00% 0.2 100.00% 0.2
0.0 0.0
d Undamaged Damaged
Identified Identified
(a) (b)

Figure 6. Confusion matrix between the actual and identified damage results using data collected
from (a) measurement area A and (b) measurement area B.
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To further quantify the performance of damage identification, three metrics, precision,
accuracy and Fj score, are introduced [36]; they are defined as follows:

t
Precision = P 2
tp+ fp
t, +t
Accuracy = pT’'n @)
tp+ta+ fo+ fu
2 Precision-Recall
b=—F—"—7 =23 recision ;C“ 17 % 100% .
Precision T Recall recision + Reca
where Recall = 23 ty, fy, fn, and b, refer to true positive, false positive, false negative
tp+fn p p p p g

and true negative, respectively. Regarding the three indices, precision indicates the pro-
portion of the data which are correctly discriminated as the undamaged class, accuracy
indicates the proportion of the data which are correctly discriminated as their associated
classes (undamaged or damaged) and F; score is an index that comprehensively takes
precision and recall into consideration. The values of the three metrics corresponding to the
results in Figure 6 are shown in Table 2. For a more intuitive comparison, we also present
the results as a histogram in Figure 7.

Table 2. Specific values of damage identification performance metrics for Scenario 1.

Metrics (%) Measurement Area A Measurement Area B
Precision 100.00 100.00
Accuracy 83.07 89.23

F 89.42 93.51

[0 Precision W Accuracy W FI score

100 -

80 -

S
i;’ 60 -
<
>
40 -
20 -

A B
Measurement areas

Figure 7. Three indicators for damage identification results in Scenario 1.



Sustainability 2023, 15, 5391

12 of 17

Actual

Undamaged

Damaged

Figure 7 and Table 2 show that among the three indices, the accuracy index has the
lowest value (83.07%). This means that our algorithm is able to accurately identify the
damage status for more than 83% of the monitoring data. The index with the highest values
is precision, which can even reach 100%, indicating that there is no missed identification
occurring for our method, which is essential for reliably finding track damage. F; scores,
as a comprehensive measure of performance, possess the values of 89.42% and 95.31% for
the data from the two measurement areas, respectively. These are reasonably high since
the monitoring track dynamic responses induced by each train should be similar to each
other, and so share some global spareness which can be extracted by the presented globally
sparse PCA. Meanwhile, the feature change caused by the damage may not be a global
characteristic of the data matrix X. Therefore, the damaged data can be discriminated from
others with high accuracy.

For further investigation of the damage identification performance purpose, we also
investigate the results of the state-of-the-art Bayesian sparse PCA presented in [21], in
which the prior of the loading matrix is modeled as a spike-and-slab prior, to analyze
the monitoring data for the track structure. Global sparseness can also be achieved by
restricting the sparse mode to joint row sparsity. The confusion matrices between the
actual damage data and the damage identification results are shown in Figure 8. It can be
observed that almost all data columns are identified as undamaged; thus, this method is not
effective in identifying damage, although global sparsity is also imposed in this method.

Confusion matrix Confusion matrix 9
1.0 0
2 0.8 5 0.8
Undamaged
1.74% 4.35%
0.6 —_— 0.6
<&
2
Q
04 < 0.4
0 0
Damaged
0.00% 0.2 0.00% 0.2
0.0 . 0.0
Undamaged Damaged Undamaged Damaged
Identitied Identified

(a) (b)

Figure 8. Confusion matrix between the actual and identified damage results after running Bayesian
sparse PCA from [21] using data collected from (a) measurement area A; and (b) measurement area B.

In Figure 9, we also examine the sensitivity of the proposed method to the latent
variable dimension M. Three other values, namely 15, 20 and 25, are chosen to calculate
the three indices in Equations (21)—-(23). There are only slight variations for all three indices,
indicating that our method is robust to the latent variable dimensions. This is presumably
because the latent variable dimensions only determine the number of principal components,
which has no significant influence on the globally selected variables, and so the damage
identification results.
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Figure 9. Damage identification indices under different latent variable dimensions using data
collected from (a) measurement area A and (b) measurement area B.

3.2.2. Scenario 2: Verification across Monitoring Areas

In this subsection, we also investigate the scenario in which data columns in the data
matrix X are collected from both measurement areas. The same size of data matrix X (the
number of data columns is D = 130) as that in Scenario 1 is selected. We use “A-B” to
indicate the data combination in matrix X in which 100 of the columns of undamaged
data are collected from measurement area A, and 15 columns of undamaged and 15
columns of damaged data are collected from measurement area B; “B-A” represents the
data combination in which 100 columns of undamaged data are collected from monitoring
area B, and 15 columns of undamaged and 15 columns of damaged data are collected
from monitoring area A. The algorithm parameter settings remain the same as those in
Scenario 1.

As in Figure 6, the confusion matrices between the actual and identified damage
results are presented in Figure 10. The results demonstrate that for the undamaged data
from different measurement areas, our algorithm is still able to identify their associated
status with very high accuracy (over 90%). For the damaged data, it is also effective: 100%
of the data in the first data combination are successfully identified, although for the second
data combination, we only discriminate 60% of the damaged data correctly.

Confusion matrix . Confusion matrix
1.

Undamaged Undamaged 07
— 0.6 —_ 06
< <
2 £ 05
< 04 < 04
Damaged Damaged 03
0.00% 100.00% 0.2 60.00% 02
0.1
0.0
Undamaged Damaged Undamaged Damaged
Identified Identified
(a) (b)

Figure 10. Confusion matrix between the actual and identified damage results for data combinations
(a) A-B and (b) B-A.
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The results of the three metrics in Equations (21)—(23) for Scenario 2 are demonstrated
in Figure 11 and Table 3. Similar to the results in Figure 7 and Table 2, the lowest and
highest values are found for the accuracy and precision indices, which are 90% and 100%,
respectively. Moreover, F; scores of 94.98% and 94.32% can be obtained for the two data
combinations, respectively. These results imply that our method still produces excellent
damage identification performance even when using data from different measurement
areas for PCA analysis.

[ Precision W Accuracy W F] score

100 -

80

60 -

Value(%)

40 -

20 -

A-B B-A
Data combination

Figure 11. Three indicators for damage identification results in Scenario 2.

Table 3. Specific values of damage identification performance metrics for Scenario 2.

Metrics (%) Measurement Area A Measurement Area B
Precision 100.00 94.74
Accuracy 91.54 90.00

F 94.98 94.32

Similar to Scenario 1, we also present the confusion matrices between the actual
damage results and damage results identified by running Bayesian sparse PCA from [21]
in Figure 12. Similar to the results in Figure 8, very few damaged data columns (6.67% and
13.33%) can be correctly identified, and this method cannot be applied for track damage
identification.

It is worth noting that different crack locations and forms will result in different
variations in the monitoring data features. However, in our study, track damage is identified
by the judgment of abnormalities in the measurement data. On this basis, even with
different crack locations and forms, we can still determine the occurrence of the track
damage in the areas close to the sensor with data abnormalities.
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Figure 12. Confusion matrix between the actual and identified damage results after running Bayesian
sparse PCA from [21] for data combinations (a) A-B and (b) B-A.

4. Conclusions

Feature selection and extraction are essential for data-driven detection of damage to
civil infrastructure. In this paper, a Bayesian approach for globally sparse probabilistic
principal component analysis (PCA) is presented for unsupervised feature selection and
damage identification using urban railway track monitoring dynamic response data. This
is motivated by the fact that the monitoring data of train-induced dynamic responses
may lie close to a principal-component subspace spanned by variables with a shared
sparseness pattern and the global sparseness pattern is a damage-sensitive indicator since
the damage-caused feature may be local. Different from the conventional sparse PCA
methods that only find the local sparseness structures of variables for explaining the single
principal components, our method aims at globally selecting the relevant features for
all principal components; that is, the same active features for all principal components
can be extracted automatically in an unsupervised manner. A variational expectation-
maximization algorithm is employed to obtain the analytical solution of the most probable
uncertain parameters by maximizing the marginal likelihood function.

The superior performance of the presented Bayesian globally sparse PCA method over
the state-of-the-art Bayesian sparse PCA method is verified by the actual train-induced
vibration data collected from the structural health monitoring system of an urban railway
track infrastructure. Our method can handle the unsupervised feature selection problem of
high-dimensional SHM data, and the track bed plate crack damage has been successfully
identified by the inferred global sparse pattern. Three indexes are also presented to quantify
the performance of damage identification results. With the high accuracy of actual damage
identification performance, we believe that a promising method has been developed toward
practical damage identification for urban railway tracks. Timely and reliable identification
of possible damage to urban railway tracks based on structural health monitoring data is an
urgent issue. When the damage accumulates to a certain degree, it will seriously threaten
the safety of urban railway tracks. Even if the damage is not very serious, it may cause
severe vibrations in the wheels and the rails during train operation, affecting the comfort
of subway passengers.

In future studies, it would be useful to establish a physics-informed supervised deep
learning method for track damage localization and classification, to address the limitations
of the proposed approach, including the absence of the physical model information of the
track plate and the incapability of estimating the damage severities and classifying the
damage types. Moreover, the application of other types of tracks, including highspeed
railway tracks, may also be a future direction.
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