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Abstract. Maglev rail joints are vital components serving as connections between the adjacent F-type rail sections in maglev
guideway. Damage to maglev rail joints such as bolt looseness may result in rough suspension gap fluctuation, failure of
suspension control, and even sudden clash between the electromagnets and F-type rail. The condition monitoring of maglev rail
joints is therefore highly desirable to maintain safe operation of maglev. In this connection, an online damage detection approach
based on three-dimensional (3D) convolutional neural network (CNN) and time-frequency characterization is developed for
simultaneous detection of multiple damage of maglev rail joints in this paper. The training and testing data used for condition
evaluation of maglev rail joints consist of two months of acceleration recordings, which were acquired in-situ from different rail
joints by an integrated online monitoring system during a maglev train running on a test line. Short-time Fourier transform
(STFT) method is applied to transform the raw monitoring data into time-frequency spectrograms (TFS). Three CNN
architectures, i.e., small-sized CNN (S-CNN), middle-sized CNN (M-CNN), and large-sized CNN (L-CNN), are configured for
trial calculation and the M-CNN model with excellent prediction accuracy and high computational efficiency is finally optioned
for multiple damage detection of maglev rail joints. Results show that the rail joints in three different conditions (bolt-looseness-
caused rail step, misalignment-caused lateral dislocation, and normal condition) are successfully identified by the proposed
approach, even when using data collected from rail joints from which no data were used in the CNN training. The capability of
the proposed method is further examined by using the data collected after the loosed bolts have been replaced. In addition, by
comparison with the results of CNN using frequency spectrum and traditional neural network using TFS, the proposed TFS-
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CNN framework is proven more accurate and robust for multiple damage detection of maglev rail joints.
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1. Introduction

Maglev is a new mode of transportation using non-
contact suspension technologies (Ohtsuka and Iguchi 1982,
Huang et al. 2018). It is essentially divided into electro-
dynamic suspension (EDS) (Sato et al. 1985, Fujie 1989,
Masada 1993) and electromagnetic suspension (EMS)
(Sung et al. 2006, Goodall 2008, Kim ef al. 2015, Zhang et
al. 2017, Li et al. 2018) in accordance with the suspension
strategy. As the EMS system for medium-low running speed
is less expensive than the EDS system and has good ride
quality, rapid progress in EMS maglev has been made in
China, Japan, South Korea, and other countries. For the
EMS system, the functions of suspension and guidance are
realized by the electromagnet force between the electro-
magnets and guideway (Goodall 2008). To generate the
electromagnet force between the on-board electromagnets
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and guideway, the guideway rail is usually designed to be
“F” type (Zhang et al. 2017). To ensure comfort and
stability of the maglev train, the range of suspension gap
fluctuation between the electromagnets and F-type rail is
confined within 2 to 3 mm. Such a small fluctuation
invokes a high demand for the condition of the F-type rail.
In practice, it is observed that large gap disturbance usually
occurs at maglev rail joints where two F-type rails are
connected at their ends, to prevent movement of the rail
horizontally and vertically (Li et al. 2018). In addition to
bridging adjacent F-type rails, the maglev rail joints also
allow for longitudinal movement due to temperature-
induced expansion and contraction (Dangre 2019). When a
maglev train runs across a rail joint, gap fluctuation at the
rear suspension point is usually larger than that at the front
suspension point (Zhou et al. 2017). This is brought by the
so-called rail step, which is a structural characteristic of
maglev rail joints and is the main excitation sources of rail
irregularity (Alberts et al. 2011, Li et al. 2018). Another
structural characteristic of maglev rail joints is the lateral
rail dislocation which leads to an abrupt decrease in the
electromagnet force between the electromagnets and F-type
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rail. The rail step and lateral dislocation at maglev rail joints
are mainly caused by the installation inaccuracy,
temperature changes, bolt looseness, and ground settlement
(Li et al. 2020b). When the rail step or lateral dislocation
exceeds a certain range, the maglev train vibrates severely,
and malfunction of the suspension system may occur. Large
impacts caused by repeated gap fluctuations make the
maglev rail joints the weakest part in the guideway. Also,
the large impacts and dynamic suspension forces acting on
the rail joints aggravate structural deterioration (Kabo et al.
2006, Oregui et al. 2017), and thus bolts get loose, rail ends
become battered, and cracks develop in the F-type rail
(Oregui et al. 2017). Such damage may lead to large
vibrations of maglev systems and even clashes between the
electromagnets and F-type rail, trimming down the ride
comfort of maglev trains. However, invisible damage (e.g.,
bolt looseness) cannot be detected by the commonly
practiced visual inspection by persons, which is labor
intensive, unreliable, intrusive, and unsafe (Oregui et al.
2017). The condition monitoring of maglev rail joints based
on advanced sensing technologies is therefore highly
desired for online damage detection and to maintain the safe
operation of maglev systems.

With the advance of digital camera technology, vision-
based techniques have been proposed for damage detection
with regard to structural joints. The vision-based
approaches are to feed images/videos into image processing
algorithms, which then extract abnormal features indicative
of damage or changes relative to a healthy baseline (Dung
et al. 2019, Pham et al. 2020a). With the rapid development
in deep learning, various algorithms have emerged with the
ability to automatically classify and recognize structural
features with satisfactory accuracy (Ye et al. 2019). Park et
al. (2015) developed an image processing technique based
on the Hough Transform for looseness detection of bolted
joints in steel bridges, which is important for maintaining
the structural performance of steel bridges. Then, Zhang et
al. (2020) improved the technique developed by Park et al.
(2015) and used region-based convolutional neural network
(RCNN) to enhance the accuracy of damage prediction in
regard to bolted joints. Cha et al. (2017) developed a visual
inspection method based on faster region-based
convolutional neural network (Faster RCNN) to provide
quasi-real-time simultaneous detection of five types of
structural damage. As regards structural joints in railway
engineering, Marino et al. (2007) established a multilayer
perception neural classifier to detect the absence of rail
fastening bolts by using images from a digital line-scan
camera. Gibert ef al. (2017) applied deep CNN and multi-
task learning methods to inspect fasteners and ballast in
railway tracks. Chen et al. (2018) adopted a deep CNN-
based model to detect the defects of fastening joints on rail
catenary support devices. All these structural joint damage
detection methods rely on images taken from detected
objects. However, several shortcomings are found in feature
extraction directly from captured photographs. For instance,
the image-based detection methods cannot perceive inner
structural damage or damage in visually inaccessible
locations (Teng et al. 2020). The accuracy of detection also
varies with the levels and changes of illumination (Li ef al.

2020a) and angles of camera (Zhao et al. 2019). Vision-
based structural joint damage detection could be
supplemented with information about the structural
response features.

Recently, numerous damage detection methods adopting
deep learning and structural response features have been
proposed. These methods can be divided into parametric
and non-parametric methods. The former is model-based
while the latter is signal-based (Abdeljaber et al. 2017). The
parametric methods employ inherent structural properties
such as modal parameters for damage detection. For
instance, to detect the location of damaged rods in a steel
truss model, Zhong et al. (2020) used the first-order modal
parameters, including mode shapes and mode curvatures, as
input to train a CNN model. The non-parametric methods
use structural static/dynamic response obtained numerically
or experimentally. Lin et al. (2017) established a damage
detection model in terms of one-dimensional (1D) CNN
using the calculated accelerations from the numerical model
of a steel beam. Teng et al. (2020) detected the damage of a
steel frame using a CNN model trained by the numerical
results of a finite element model and verified by
experimental data. Compared with acceleration responses in
the time domain, their frequency-domain counterparts
contain more useful information, especially for non-
stationary signals (Verstraete et al. 2017). Duan et al.
(2019) used Fourier amplitude spectra of acceleration
responses to train a CNN model, and the trained model was
proven robust for detecting damage in an arch bridge.
Short-time Fourier transform (STFT) is an effective method
to articulate both time-domain and frequency-domain
information from vibration signals. Pham et al. (2020b)
applied VGG-16 CNN to diagnose bearing faults and their
degradation degree under variable shaft speeds, using
spectrograms generated by STFT. Zheng et al. (2020)
extracted time and frequency features of ground motions
from STFT to assess the destructive power of earthquakes
to structures by formulating backpropagation neural
network (BPNN) and CNN.

To the best of the authors’ knowledge, there is a paucity
of research addressing damage detection of maglev rail
joints. In this regard, the present study aims to develop a
CNN-based model for simultaneously identifying multiple
damage in maglev rail joints. The acceleration signals
acquired from an online monitoring system are transformed
to the time-frequency domain by STFT. The time-frequency
spectrograms (TFSs) are obtained to train a three-
dimensional (3D) CNN model. The trained CNN-based
damage detection model is then implemented for both
condition assessment and damage detection of maglev rail
joints. This paper is structured as follows: Section 2
introduces an overview of maglev rail joints. Section 3
presents the in-situ experiments with an online monitoring
system. Section 4 describes the formulation of the TFS-
CNN model and the CNN-based multiple damage detection
method. The experimental results are presented in Section
5. Section 6 concludes the study.
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2, Overview of maglev rail joints

In general, the maglev guideway consists of multi-span
bridge(s), steel sleepers, and multi-segment F-type rail. The
F-type rail is specially designed to maintain the suspension
requirement of maglev trains and is composed of linear
motor induction plate, suspension clearance detection
surface, internal magnetic pole surface, external magnetic
pole surface, and running surface (Li ef al. 2015), as shown
in Fig. 1. The F-type rail, as a portion of maglev guideway,
is prone to deformation/deflection due to various causes
such as temperature changes, settlement of foundations, and
force action. The temperature changes play the most
influential role among the various causes (Yau 2009). The
growing temperature difference of maglev guideway will
bring about great temperature gradient and cause a
significant increase of vertical or transverse deformation
(Wu et al. 2019, Zhang and Huang 2018). Hence, a specific
gap between the adjacent F-type rails is considered in the
design to allow for expansion of the guideway under such
conditions. The gap between two adjacent F-type rails is
known as rail seam. On the existing medium-low speed
maglev lines, three kinds of maglev rail joints: JI-type, JII-
type, and JIlI-type, are used to connect the rail seam, as
shown in Fig. 2. The JI-type and JII-type rail joints connect
the single rail seam and double rail seams on the straight
guideway. The JIlI-type rail joint is seen on the curved
guideway. The JI-type rail joint, studied in this paper, is the
most common rail joint in maglev lines and consists of
wedge block, cover plate, and bolts.

The main geometrical parameters of JI-type rail joints
include the rail step height, lateral dislocation length, and

Rail joint

Linear motor
induction plate

Maglev guideway

F-type rail

rail seam width, as shown in Fig. 3. The rail step height is
defined as the height deviation of the adjacent ends of two
F-type rails, the length of lateral dislocation is the lateral
deviation of the adjacent ends of two F-type rails, while the
rail seam width refers to the gap width between two
adjacent F-type rails in the longitudinal direction. The rail
seam can cause instability of maglev train. Hence, to ensure
stability in operation, the threshold method (Sung et al.
2006, Li et al. 2018) has been adopted in the control
system, in which the minimum gap signal among the three
gap sensor probes on the magnet is picked up when the gap
sensors go through a maglev rail joint (refer to Fig. 4). Due
to the redundant configuration of three suspension gap
sensor probes and the fusion strategy of gap signals, the
influence of the rail joint can be eliminated in a certain
range. However, it is important to note that the rail joint, as
the weakest portion of the guideway, is highly vulnerable to
damage. If the geometrical parameters of maglev rail joints
are changed as a result of rail joint damage, the threshold
method will lead to a discontinuous suspension gap at the
rail joint (Sung et al. 2006). The discontinuity of the
suspension gap has the greatest impact on the vibration of
maglev rail joints, and this in turn, aggravates the damage
of maglev rail joints. The most common damage of JI-type
rail joints, which was observed in commercial and testing
maglev lines, is the bolt looseness and installation error,
which can cause big height of rail step or large length of
lateral dislocation. In view of this, a multiple damage
detection method is proposed in this paper to detect the
operation condition and potential damage of JI-type rail
joints.
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Fig. 1 Configuration of maglev guideway
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Fig. 2 Three types of maglev rail joints
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3. Field experiment with online monitoring system
3.1 Monitoring system

An online monitoring system has been developed by the
authors for condition monitoring of rail joints. As shown in
Fig. 5, the online monitoring system comprises a set of
accelerometers, a multiple-channel data acquisition unit,
and a high-performance computer server equipped with data
processing modules. Because of the electromagnet property
of the maglev system, the deployed sensors, signal cables,
and data acquisition unit are insulated to immunize them
against electromagnetic interference (EMI). Hence, the
piezoelectric accelerometers with anti-EMI capability are
used. To ensure sufficient signal acquisition resolution to
help detect high-frequency ingredients generated by
damage, the data acquisition unit is set to collect data at a
sampling rate of 5000 Hz. During the maglev train passage,
the data acquisition unit is triggered to sample and store
data automatically. To facilitate multiple damage detection
at different maglev rail joints, a high-performance server
with 8-cores, 16-threadings, and 64-Gb memory is adopted.

The system was deployed at a maglev test line in China

RIJINRRAIT]

Data acquisition

) D

Fig. 5 The devised online monitoring system for maglev rail
joints

High-performance
computer server

ccelerometer z j

Fig. 6 Deployment of accelerometers near maglev rail joints

and was in service for one year collecting acceleration data
intermittently. The total length of the maglev test line is
about 1.7 km which consists of multi-span simply supported
bridges. The JI-type rail joint is adopted to connect each F-
type rail on the bridges. According to reports from the rail
operator, there was one rail joint with a lateral dislocation of
about 2 mm because of the installation error, and thus the
bolts on the rail joint to connect two adjacent rails were
most vulnerable to loosen due to the constant impacts from
maglev trains. In view of this, as shown in Fig. 6, two
accelerometers were mounted on the adjacent ends of two
F-type rails and deployed at the cantilevered side (inward
part) of the cross-section of the F-type rail. Five rail joints
named J1 to J5 were selected to be monitored, covering a
monitoring range of about 80 m. All the rail joints can be
regarded to work under the same weather condition. The
rail joint J2 is the one with lateral dislocation; and the
others were in good condition at the time when the system
was installed. Additionally, since the vertical electromagnet
force is the primary component of the electromagnet force
and temperature barely causes a change in acceleration, the
sensors were deployed on the F-type rail only for the
measurement of accelerations in the vertical direction. The
trial running speed of maglev trains moving on the test line
ranges from 10 km/h to 80 km/h. To adequately record the
rail response, the data acquisition unit took data recording
for 30 s for each trial run. Each record is treated as one
sample to be used in training or testing of the TFS-CNN
model.

The deployed online monitoring system along with the
TFS-CNN algorithm aims to provide a viable alternative to
automatically inspecting the condition of rail joints. Even
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Fig. 7 Rail joints on the maglev test line: (a) rail joint with loosed bolt; (b) rail joint after the loosed bolt replaced;
(c) rail joint with lateral dislocation; (d) rail joint with normal condition; (e) accelerometers deployed on a

rail joint; (f) a maglev train traveling on the maglev test line
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Fig. 8 Accelerations collected on rail joints under different conditions

though the developed damage detection model is learned
from the data collected from the maglev test line, the
method is extendable for multiple damage detection of
maglev rail joints in any commercial maglev lines.

3.2 Data description

In early September 2020, a large rail step caused by the
looseness of bolts was found on the rail joints J1 and J4 by
manual inspection (Fig. 7(a)). Then, the loosed bolts were
replaced in mid-October 2020 (Fig. 7(b)). During this
period, the conditions of the rail joints J2 (Fig. 7(c)), J3
(Fig. 7(d)) and J5 did not change. The temperature during
September (with an average temperature of 27°C) and
October (with an average temperature of 23°C) when the
data were collected was relatively steady. Therefore, the
data recorded from September to October 2020, covering
three states of maglev rail joints, were used in this study.
The database is divided into three classes in accordance
with the three states of maglev rail joints: rail step, lateral
dislocation, and normal condition. The data collected from
the sensors on the rail joints J1, J2 and J3 in September
2020 are used for model training, and the formulated model

is tested and verified by using other data in the database.
Fig. 8 shows the acceleration samples of rail joints under
three conditions grabbed from the dataset, while the power
spectral densities (PSDs) of these signals are illustrated in
Fig. 9, concentrating on the frequency range less than 2500
Hz. As can be seen in Fig. 9, both the acceleration
amplitude and frequency range of a rail joint with damage is
much higher than that of a rail joint under normal condition.
It should be noted that Fig. 9 shows only samples grabbed
from the database for demonstration and we do not expect
to directly observe the different damage states. The
procedures for training and testing the CNN model based on
these acceleration data will be detailed in Section 4.

4. CNN-based multiple damage detection model

Convolutional neural network (CNN) is well known as a
feature extractor for image recognition and classification.
With the development of big data analytics and graphic
processing units (GPU), CNNs have been widely applied in
various fields. In the field of civil and infrastructure health
monitoring, CNNs have been applied for road pothole
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Fig. 9 PSDs of accelerations collected on rail joints under different conditions

detection (Luo ef al. 2019), pipeline inspection (Feng et al.
2017), crack recognition of steel bridges (Dung et al. 2019)
and concrete structures (Kim ef al. 2020, Deng et al. 2020),
detection of rail surface defects (Faghih-Roohi et al. 2016)
and slab track (Ma et al. 2020). This paper is devoted to
developing a CNN-based model which enables the
identification of multiple damage in maglev rail joints.

4.1 Input of CNN: time-frequency spectrogram of
acceleration data

Before training the CNN model, it is critical to make
pre-processing of the collected acceleration data. The
measured time-history acceleration data from the
monitoring system represent the dynamic responses of
maglev rail joints in the time domain. However, the features
about structural damage are reflected not only in the time
domain but also in the frequency domain. Compared with
the acceleration amplitudes in the time domain, the
frequency-domain information is more reflective of
structural damage. Since the vibration frequency of a
maglev rail joint may vary with the running speed and
weight of the maglev train, it is necessary to extract the
instant features of a maglev rail joint in time and frequency
domains simultaneously. Here, the time-frequency
spectrogram (TFS) is taken into account, which explicitly
describes the features of a signal in both time and frequency
domains. To convert the raw time-history signals into TFSs,
the short-time Fourier transform (STFT) is conducted that
yields

[t} 5 10 15

Time(s)

20 25 30 0 5 10

(a) Rail joint with rail step

15

Time(s)

(b) Rail joint with lateral dislocation

[oe]

Xsrrr(m w) = Z x[n]w[n — m] e~ jon
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o

where w [-] is a window function, x[n]w[n —m] is a
short-time section of time-history signal x[n] at time m.
The time interval for the generation of TFSs is constant to
30 seconds in the present study. The moving Hamming
window with the size of 2048 is used to reduce the leakage
of the TFSs and alleviate the effect of random noises. After
doing so, the PSD of the signal is obtained as

[Xsrpr(m, @) |2

RSk Iwin|? @

XPSD(m, w) =2X

where F; is the sampling frequency and L is the number of
discrete Fourier transform (DFT) points, equal to 5000 Hz
and 2048, respectively. To better reflect the features in the
frequency domain, the PSD is evaluated with the unit of
decibel. Note that all TFSs are displayed in RGB image
decomposition as the PSD values are expressed as color
image.

Fig. 10 shows the TFSs converted from the raw
acceleration data of three maglev rail joints under different
conditions, i.e., rail step caused by bolt looseness, rail
lateral dislocation caused by installation error, and normal
condition. It is observed that the vibration frequency of the
normal rail joint ranges from 50 Hz to 100 Hz, while
higher-frequency components (higher than 100 Hz) appear
when the rail joints are under damage condition. According

20 25
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10 15

Time(s)

20

(¢) Rail joint with normal condition

Fig. 10 The TFSs of three maglev rail joints
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to the color bar set in Fig. 10, with the increase of the
decibel levels, the color of TFSs becomes bright. Compared
to the rail joint with rail step, the levels of PSD for the rail
joint with lateral dislocation are much higher between 50
Hz and 100 Hz, basically greater than -20 dB thus
generating a large bright area in the TFS. Since the time-
frequency features among the three maglev rail joints are
discriminatively shown in TFS, it can be concluded that
TES is appropriate as input to formulate a CNN-based
model for multiple damage detection.

4.2 Construction of CNN-based model

The architecture of the CNN-based model adopted in
this study is schematically illustrated in Fig. 11. It consists
of two convolution layers, two max-pooling layers, and two
fully connected (FC) layers. The convolution layers and
max-pooling layers are set alternately, and responsible for
feature extraction, followed by the FC layers for
classification. Meanwhile, some improvement strategies are
applied to the model classification with the objective of
enhancing the performance on multiple damage classifica-
tion. One of them is data augmentation, which is applied
due to the limited initial input TFSs. This strategy produces
random geometrical transformations of TFSs, such as
rescale, rotate, width and height shift, shear, zoom, and
horizontal flip, to expand the dataset of TFSs and reduce the
overfitting risk caused by a small-scale dataset. Moreover,
some other improvement strategies are joined, including
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nonlinear activation function, dropout, and batch
normalization. More details about the layers of the CNN
model and improvement strategies are provided in the
following.

4.2.1 Convolution layer

A convolution layer is composed of input and output
feature maps, convolution kernel, activation function, and
bias. The convolution layer aims to extract various time-
frequency features through the convolution process of the
input feature map and convolution kernel. The convolution
process is defined as

M N

EG,)) = ZZI(i+m,j+n)*W(m+1,n+1) 3)

m=0n=0

where [ is the input matrix, /¥ is the convolution kernel, and
M and N are the width and height of the convolution kernel
W. As shown in Fig. 12, the convolution kernel slides across
the input matrix at a fixed stride, where each element in the
convolution kernel multiplies the corresponding element of
each sub-matrix of input, which is summed to get an
element in an output matrix. The output matrix E is formed
by repeating the convolution process until all elements of
the input matrix are addressed.

After the convolution process, nonlinear activation
function and bias are added to the output matrix £ to boost
the learning of the model. The sigmoid function and
Rectified Linear Unit (ReLU) are most commonly used
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Fig. 12 One example of the convolution process
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nonlinear activation functions. However, the sigmoid
function potentially has the “Vanishing Gradient” problem,
which may cause difficulty in convergence in regard to
training a deep-layer neural network. As shown in Fig. 13,
unlike the sigmoid function, the gradient of ReLU is
basically constant, which helps to ameliorate the
convergence of a deep-layer neural network. Therefore,
ReLU is adopted in the convolution layers in this study.

With the nonlinear activation function and bias, the
feature map Zi, derived from the kth convolution kernel, is
defined as

Zy = f(Ex + b) “4)

where b is the bias and f () is the nonlinear activation

function. It is noted that each convolution kernel will
generate one feature map individually, and the output
feature map combines all feature maps from different
convolution kernels.

The batch normalization strategy is invoked after the
introduction of nonlinearity for both convolution layers 1
and 2. Batch normalization is a straightforward and efficient
method of regularization to ease the problem of internal
covariate shift in the CNN model training (loffe and
Szegedy 2015). The use of batch normalization strengthens
the ability of a neural network to fit unstable distributions in
every training step. As a result, not only the model
generalization is raised but also the convergence speed is
accelerated.

4.2.2 Max-pooling layer

To extract the most representative time-frequency
features in the convolution process, a pooling layer is set
after each convolution layer. There are two ways of pooling:
max-pooling and average-pooling. It has been reported that
max-pooling performs better than average-pooling as
regards image classification (Scherer et al. 2010). Hence,
the max-pooling operation is adopted in our CNN
architecture.

In the max-pooling operation, the input feature map is
divided into several non-overlapping rectangles and the
maximum value within each rectangular region is exported
and regarded as the most representative time-frequency
features. As shown in Fig. 14, the width and height of
output feature map is half of input feature map. The depth

of feature map is retained, thus only one-quarter of features

stride = 2
713152
214176 Max-pooling ; 717
3(9]14]|5 9|5
o8 )J1]2
Input (4x4) Output (2x2)

Fig. 14 The max-pooling operation

are left after the max-pooling operation, thus reduces the
parameters for computation in the model training, resulting
in improved computational efficiency.

4.2.3 Fully connected layer

The fully connected (FC) layers, located at the end of
the CNN, target at integrating the time-frequency features
to drive the classification of inputs. In this paper, the output
feature map from the max-pooling layer 2 feeds into FC
layer 1, where the feature maps are flattened from three-
dimensional matrix to one-dimensional vector. The ReLU is
attached as the nonlinear activation function in FC layer 1.
And it is substituted with the Softmax function in FC layer
2 (the last FC layer) as FC layer 2 should be a classifier to
turn out the probability for each class. The reason of using
the Softmax function is its capacity of transferring the
elements in the output vector to the probabilistic values by
the normalization. Suppose that there are K classes, the
output vector before the Softmax function is marked as
V ={v,v,,...,vx} where each element in the vector V
maps to a specific class. The Softmax function is expressed
as

evi

pj = )

K vi
i=1€"/

where v; is the jth element in the vector V, and p; €
{P1,P2,---, Pk} is the probability of the input image
belonging to the jth class. In this study, the input TFSs are
categorized into three classes, that is, three states of the
maglev rail joints. Hence, K is equal to 3. If p; is the highest
probability among p,, p,, and p3, the jth class will be judged
as the predicted state for the given input TFS. With the
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output after the Softmax function, the accuracy and loss in
training a batch of input TFSs are calculated by

N
1
Accuracy = i Z L(Pm = Yim) (6)
m=1

N

L 1
oss—N

m=

~[(Ymlog (Pn) + (1 = Yp) log(1 = Bp)] (7)
1

where N is the number of TFSs, y,, € Yy, Pm € By. For
the mth TFS, Y,, is a one-hot-coded vector, such as [0 1 0],
which indicates the true probability distribution on each
class. P, indicates the predicted probability distribution,
such as [p1 p2 p3]. ym reflects the exact state of a maglev

rail joint, while p, reflects the predicted state. /() is the

indicator function, which equals
otherwise equals 0.

In addition, to alleviate potential overfitting in a fully-
connected deep neural network, the dropout strategy is
implemented between FC layers 1 and 2. The main function
of dropout is to randomly cut the connections between
nodes at a specific rate. As suggested by Srivastava et al.
(2014), the dropout rate is set to 0.5 in this study, implying
that only half the nodes in FC layer 2 retain connection to
FC layer 1. As a result, it blocks the co-adaptation between

1 when pp =ym ,

Table 1 Three types of CNN architecture

nodes and increases the robustness of the deep neural
network.

4.3 Training of CNN-based model

Appropriate layer sizes should be determined before
training the CNN model. Table 1 summarizes three types of
CNN architecture which share the majority of layer sizes
and exactly same improvement strategies. The three-
dimensional attribute of initial input TFSs [width, height,
depth] denotes [time, frequency, feature] for the three types
of CNN architecture. The width and height of TFSs are both
resized to 64 pixels, and the depth is the RGB values of
input images. In the convolution layers, the stride is fixed to
1, the zero padding is for the input matrix, and kernels with
the size of 3%3 are used. In the max-pooling layers, the
stride is fixed to 2, kernels with the size of 2x2 are used.
The differences of the three types of CNN architecture lie in

! I
2 I
- I
-+
s I

. Training set . Validation set

Fig. 15 Five-fold cross-validation

S-CNN M-CNN L-CNN
Initial input TFS size: [64,64,3]
Convolution Kernel size 4 x[3,3] Kernel size 8 x[3,3] Kernel size 16 x [3,3]
ayer 1 Output size [62,62,4] Output size [62,62,8] Output size  [62,62,16]
Activation function: ReLU
Batch normalization
. Input size [62,62,4] Input size [62,62,8] Input size [62,62,16]
Miﬁg:rollmg Kernel size [2,2] Kernel size [2,2] Kernel size [2,2]
Output size [31,31,4] Output size [31,31,8] Output size  [31,31,16]
Input size [31,31,4] Input size [31,31,8] Input size [31,31,16]
Convolution Kernel size 8 x [3,3] Kernel size 16 x[3,3]  Kernelsize 32 x [3,3]
layer 2 Output size [29,29,8] Output size  [29,29,16] Output size  [29,29,32]
Activation function: ReLU
Batch normalization
' Input size [29,29,8] Input size [29,29,16] Input size [29,29,32]
Maf; -}},):rozllng Kernel size [2,2] Kernel size [2,2] Kernel size [2,2]
Output size  [14,14,8]  Outputsize [14,14,16] Outputsize [31,31,32]
Flatten 1568 Flatten 3136 Flatten 6272
Fully connected Nodes 64 Nodes 128 Nodes 256
layer 1
Activation function: ReLU
Dropout
Fully connected Nodes 3 Nodes 3 Nodes 3
layer 2 Activation function: Softmax
Trainable parameters 101,043 403,363 1,611,843
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that the numbers of kernels are 4, 8, 16 in convolution layer
1 and 8, 16, 32 in convolution layer 2, the numbers of nodes
are 64, 128, 256 in FC layer 1, and the trainable parameters
are 0.1, 0.4, 1.6 (million). Thus, with the trainable
parameters from low to high, the three types of CNN
architecture are named as small-sized CNN (S-CNN),
middle-sized CNN (M-CNN), and large-sized CNN (L-
CNN), respectively. The dataset for training the three types
of CNN architecture, involving the data collected in
September and October 2020, is divided into the training
set, validation set, and testing set. In the training process of
the models, only training and validation sets are involved.
The training set is used for learning the time-frequency
features during the training process, while the validation set
is for adjusting the model parameters to optimize the feature
learning. The testing set, which is completely independent
of the training and validation sets, is used for examining the
effectiveness on the classification of maglev rail joint states
in Section 5. The three types of CNN architecture are
constructed on Keras (version 2.4.3) Application
Programming Interface in the TensorFlow library written
with Python 3.8. Each type of model is trained with mini-
batch size of 16, optimized by Adam with the learning rate
of 1x10*, for a sum of 50 epochs with 96 mini-batches per
epoch. Then, the selection of the most suitable type of CNN
architecture, i.e., the decision of layer sizes, is elaborated in
the following.

As regards the training and validation sets, a total of
1920 TFSs are considered, which are obtained from the data
collected on the rail joints J1, J2, and J3 in September 2020.
To formulate the CNN model, the training and validation
sets are randomized and structured to form a five-fold
cross-validation (Kohavi 1995). As shown in Fig. 15, in the
five-fold cross-validation, 1920 TFSs are divided into five
equal parts, in which 80% of the TFSs focus on training and
the remaining 20% on validation in every run of the model
training. Hence, there are five parallel runs, denoted by k =
1 to k =5, for each type of CNN architecture. To figure out
an appropriate architecture of the CNN-based damage
detection model, the three types of CNN architecture are
evaluated using the data in the validation set in terms of
accuracy and loss defined in Egs. (6) and (7). The validation
accuracy and loss of S-CNN, M-CNN, and L-CNN in five
runs are shown in Fig. 16. It is observed that the
convergence of validation accuracy is achieved for all three
types of CNN architecture, which proves that the
established CNN models enable to gradually learn the time-
frequency features from TFSs with the increase of epochs.
For S-CNN, the growth of accuracy and the drop of loss are
both slow as shown in Figs. 16(b), (c), and (e), and even the
accuracy decreases temporarily in Figs. 16(b) and (e).
Moreover, the rate of convergence in S-CNN is slower than
that in M-CNN and L-CNN. As for L-CNN, the accuracy
and loss are both fluctuating strongly (see Figs. 16(b), (c),
and (d)), and the number of trainable parameters in L-CNN
is four times higher than that of M-CNN. Therefore, the
damage detection model based on M-CNN is selected as the
recommended model architecture.

Table 2 Results obtained by the formulated CNN-based
model

Predicted classification

Location of from CNN-based model Total
maglev rail joint  Rai] Lateral Normal TFSs
step  dislocation  condition

J1 150 10 0 160

2 7 147 6 160

k=1 I3 0 10 150 160
J4 76 1 3 80
J5 0 0 80 80

J1 160 0 0 160

2 0 145 15 160

k=2 I3 0 8 152 160
J4 76 4 0 80
J5 4 6 70 80

1 147 13 0 160

12 2 146 12 160

k=3 I3 0 14 146 160
J4 78 1 1 80
IS 6 1 73 80

J1 152 3 5 160

12 4 145 11 160

k=4 I3 0 13 147 160
J4 67 1 12 80
IS 5 3 72 80

J1 152 1 7 160

2 0 159 1 160

k=5 I3 0 12 148 160
J4 79 1 0 80
IS 8 5 67 80

5. Results and discussion
5.1 Model testing

In the testing stage, a total of 640 TFSs collected from
five maglev rail joints (J1 to J5) in September 2020, are
used to test the formulated CNN-based damage detection
model. It is noted that the data collected from J4 and J5 are
not involved in the model training process. The testing
results will return a series of output label predicting the
state of the maglev rail joints for each input TFS.
Specifically, the label ‘0’ is assigned to the TFS indicative
of rail step, ‘1’ is assigned to the TFS indicative of lateral
dislocation, and ‘2’ is assigned to the TFS indicative of
normal condition. With the architecture of M-CNN, five
models trained by five parallel runs are all utilized in the
testing stage. Eventually, the results on the predicted
classification of the five maglev rail joints are obtained as
shown in Table 2.
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As can be seen in Table 2, most results indicate that the
rail joints J1 and J4 are under the damage condition of rail
step, the rail joint J2 is under the damage condition of
lateral dislocation, and the rail joints J3 and J5 are under
normal condition. The prediction results are consistent with
the real conditions of the five maglev rail joints. Especially,
the conditions of J4 and J5 are well predicted although data
collected from J4 and J5 were not used in the course of
model training. The results indicate that the proposed TFS-
CNN model is reliable and scalable to identify the different
conditions of maglev rail joints.

5.2 Model evaluation

In order to quantitatively evaluate the model prediction
performance, three indicators, including precision, recall,
and Fl-score, are adopted in this study. To explain these
indicators, taking the damage condition of rail step as an
example, all TFSs in the testing set can be predicted into
two classes, marked as P (positive, rail step) and N
(negative, not rail step). Compared to their actual
classification, truly classified TFSs in the classes P and N
are marked as TP (true positive) and TN (true negative),
respectively, and falsely classified TFSs in the classes P and
N are marked as FP (false positive) and FN (false negative).
Then, the precision and recall are represented as

TP
U L 8
Precision TP + FP ¥
TP
= — 9
Recall TP+ EN 9)

where the precision represents the percentage of the true
positive over predicted positive TFSs and the recall
represents the percentage of the true positive over positive
TFSs. Both the precision and recall conduct a rough
inspection on the accuracy of model prediction. In addition,
Fl-score, designed for comprehensively considering
precision and recall, is a better indicator to seek a balance
between the precision and recall on classification accuracy
and can be expressed as

F1 5 Precision X Recall (10)
- = X
score Precision + Recall

The calculated precision, recall, and F1-score are shown
in Fig. 17. It is found that for all three conditions, the values
of precision, recall, and Fl-score are greater than 83%,
indicating that the formulated TFS-CNN model has an
outstanding damage detection performance. Especially, the
results for rail step detection are superior to the other two as
the values of precision, recall, and Fl-score are all higher
than 92%. Although the results of lateral dislocation and
normal condition are not as good as those on rail step, the
values of precision, recall and F1-score are all considerably
high, ranging from 83% to 95%. The prediction results of
normal condition and rail step are favorably stable, while a
fluctuation is observed on the prediction results of lateral
dislocation. This is probably because the features shown in
lateral dislocation are somewhat overlapped with the
features in rail step when the amplitude of low frequency
components in the lateral dislocation is small.

There is a concern as to whether the formulated damage
detection model can keep satisfactory prediction
performance when the condition of a maglev rail joint is
changed later. To further verify the effectiveness of the
TFS-CNN damage detection model, some new data,
including those collected before and after replacing the
loosed bolts on the rail joints J1 and J4 in October 2020, are
used to train an updated model for comparison with the
original model. The new training set contains TFSs
converted from the data collected on the rail joints J1, J2,
and J3 before 20th October 2020, and the new testing set
contains TFSs from the data collected on the rail joints J1 to
J5 after 20th October 2020. Both the original and updated
models use the same CNN architecture, and are evaluated
by using the new testing set. Table 3 provides the recall rate
of each run, as well as the average recall rate, in predicting
the condition of each maglev rail joint.

It is seen in Table 3 that the TFS-CNN damage
detection model is competent to identify the multiple
damage when damage condition is changed, as the majority
of recall rates is over 80% regardless of using the original
or updated model. The average recall rates for the rail joints

Table 3 The recall rates of maglev rail joints after replacing looseness bolts in J1 and J4

Location k=1 k=2 k=3 k=4 k=5 Averaged
| 96.4% 92.9% 88.4% 85.7% 93.8% 91.4%
Or‘?’iﬁh hp) 84.8% 89.3% 89.3% 98.2% 96.4% 91.6%
mf;‘;?l 13 96.4% 95.5% 89.3% 88.4% 92.0% 92.3%
14 91.3% 96.3% 80.0% 61.3% 86.3% 83.0%
15 96.9% 96.9% 79.7% 93.8% 82.8% 90.0%

Location k=1 k=2 k=3 k=4 k=5 Averaged
hf| 98.2% 94.6% 86.6% 100.0% 86.6% 93.2%
ur\’zgtl;d hp) 94.6% 94.6% 99.1% 84.8% 90.2% 92.7%
model 13 93.8% 95.5% 96.4% 88.4% 91.1% 93.0%
14 97.5% 86.3% 83.8% 90.0% 92.5% 90.0%
15 100.0% 92.2% 95.3% 95.3% 90.6% 94.7%
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J1 and J4, where the condition is changed from rail step to
normal condition, are 91.4% and 83.0%, respectively. It
verifies that the TFS-CNN model can adapt to the change in
joint condition. The accuracy of prediction is improved
after model updating because of the expansion of training
data, where all average recall rates obtained using the
updated model are more than 90% which is higher than that
obtained by the original model. Especially, the average
recall rates for the rail joints J1 and J4 are increased by
1.8% and 7.0%, respectively. This indicates that the TFS-
CNN model updating can beneficially ameliorate prediction
accuracy even when damage condition is changed.

5.3 Comparison with other neural networks

To confirm the superiority of the TFS-CNN model for
multiple damage detection of maglev rail joints, two other
neural network models are also formulated for comparison:
a CNN model trained using power spectrum densities
(PSDs) as its input and a traditional neural network (NN)
model using TFSs as its input. In the training process, both

100%

=
95%

90%
B
80%
75%

70%
Rail step

1,

Lateral dislocation

models use the data collected in September 2020 and the
five-fold cross validation is adopted. In the testing stage,
only data collected on the rail joints J1, J2 and J3 are
considered. The damage detection capabilities of these two
neural networks are evaluated with the three indicators, and
the results are compared with those obtained by the CNN
model with TFS input (TFS-CNN).

5.3.1 CNN model with PSD input

The performance indicators obtained from the CNN
model with TFS input and the CNN model with PSD input
are shown in Fig. 18. It is illustrated that the performances
of the two models for identifying the state of lateral
dislocation are almost consistent as the obtained values of
precision, recall, and Fl-score range from 85% to 95%.
However, the performance of the CNN model with TFS
input for identifying rail step and normal condition of the
rail joints is better than that of the CNN model with PSD
input. For example, the values of the three indicators
(93.7%, 93.6%, and 93.6% for precision, recall, and F1-
score) for normal condition obtained by the CNN model

By

. Precision
i Recall
D Fl-score

Normal condition

Fig. 17 The precision, recall, and F1-score for detection of different conditions
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Fig. 18 The precision, recall, and F1-score of CNN models trained respectively with TFS and PSD input
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Fig. 19 The precision, recall, and F1-score of CNN and NN models both trained with TFS input
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with TFS input are larger than those obtained by the CNN
model with PSD input (93.6%, 92.6%, and 92.7% for
precision, recall, and F1-score). In addition, the results from
the CNN model with PSD input are less stable in that the
standard deviations of the precision, recall, and F1-score
(0.098, 0.084, and 0.051) are larger than those (0.023,
0.014, and 0.014) from the CNN model with TFS input.
Similar observation is made on the values of the three
indicators for rail step. In summary, the performance of the
CNN model with TFS input (TFS-CNN) is better than the
CNN model with PSD input.

5.3.2 Traditional neural network with TFS input

In the traditional neural network (NN), the TFS, which
is the same as used in the TFS-CNN model, is initially
flattened to a series of one-dimensional vector as input to
the neural network. The NN model consists of two hidden
layers with 128 and 64 neurons and ends up with a 3-
neurons layer. Activation functions are also adopted at each
layer, with Softmax for the last layer and ReLU for the
other layers. The NN model is trained with the batch size of
16 and the learning rate of 1x10™.

The values of precision, recall, and F1-score obtained by
the CNN model with TFS input (TFS-CNN) and the NN
model with TFS input are shown in Fig. 19. As can be seen,
the minimum and average values of precision, recall, and
F1-score obtained from the NN model are much lower than
those from the CNN model. In addition, the standard
deviations of the three indicators for the NN model are
much higher than those from the CNN model. Overall, the
traditional neural network model enables the prediction of
damage detection, but its robustness is far worse than the
TFS-CNN model. This is probably due to the lack of
convolutional and max-pooling operations in the traditional
neural network for extraction of deeper and hidden features
in TFSs.

To facilitate comparison, the average values and
standard deviations of the three indicators obtained from the
CNN model with TFS input, the CNN model with PSD
input, and the NN with TFS input are listed in Table 4.
Among them, generally, the highest average value and the
lowest standard deviation are seen in the CNN model with
TFS input, indicating that the TFS-CNN model has
advantages of higher accuracy and scalability for multiple
damage detection of maglev rail joints.

Table 4 The indicators of three neural networks

6. Conclusions

In this study, a TFS-CNN model has been developed to
realize multiple damage detection of maglev rail joints. By
means of STFT, the collected raw accelerations from an
online monitoring system are transformed into TFSs which
contain the time-frequency spectral features of maglev rail
joints. A CNN-based model is then constructed by using the
dataset of TFSs, which is also updatable with the
cumulation of collected data and the awareness of real
condition of maglev rail joints. The CNN configuration is
appropriately designed through comparing the performance
of different CNN architectures when being fed with
validation data.

The capability of the proposed TFS-CNN damage
detection model was verified by using the rail acceleration
response data collected during the trial runs of a maglev
train on a test line where the devised online monitoring
system was deployed. In the field tests, five maglev rail
joints with three different conditions: rail step caused by
bolt looseness, lateral dislocation caused by installation
error, and normal condition, were identified by the proposed
method. The field test results confirm that: (i) by use of rail
acceleration measurements at two ends of the two F-type
rail, the damage condition of maglev rail joints can be
reliably identified by the proposed TFS-CNN model; (ii)
when directly using the frequency spectrum to train the
CNN model, the precision, recall, and F1-score are reduced
and the identification results are less stable; and (iii) in
comparison with the traditional neural network trained with
the same TFS input, the TFS-CNN model is more robust.
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