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Abstract: Railway track bed defects affect the normal operation of trains and pose great safety risks.
In order to detect such issues early, we developed a railway track bed defect detection method which
uses optical fibre sensors and an improved HMM (hidden Markov model) to detect the signals
collected by a DAS (distributed acoustic sensing) system. First, by analysing the physical process
of train operation and determining the number of hidden states, a waveform segmentation method
based on average amplitude was used to solve the problem of unequal signal lengths. Second,
an adaptive power spectrum energy ratio calculation method was employed to extract track fault
features, a set of which was constructed by combining various quantity features. Then, normal and
abnormal models were trained according to the sensor measurement area. Finally, the probability of
detecting the signal with each model was compared to determine whether the signal was abnormal.
Experiments were conducted to compare the applicability of the waveform segmentation method and
the feature extraction method. The results show that the HMM based on both waveform segmentation
and track bed defect feature sets had the highest recognition rate, the lowest number of false detection
areas, and a greater impact on the signal in the early development stage of track bed defects. The
proposed method, therefore, has strong recognition ability, which makes it suitable for track bed
defect detection.

Keywords: signal processing; distributed acoustic sensing; hidden Markov model; track bed
defect detection

1. Introduction

Metro rail is arguably the most important form of rail transport. The prerequisite of its
punctuality and efficiency, which make it convenient for people’s daily journeys [1], is that
rail transit lines operate normally. Track defects are among the many factors that affect the
normal operation of rail transit. As the service life of rail lines increases, track bed defects
gradually appear. Although early track bed defects do not have a major impact on the normal
operation of trains, as time goes by, early symptoms gradually appear and develop into
problems that significantly threaten the safety of rail transport, such as track bed bulging,
subsidence, fractures, track slab and ballast voids, etc. [2–5]; in particular, the separation of the
track slab from the substructure significantly affects normal train operation, so it is becoming
increasingly important to identify and prevent this problem in time.

In this study, a DAS system was used to collect driving vibration signals [6]. During
train operation, the train itself acts as a vibration source, causing vibrations in the track
bed. A DAS system collects vibration signals through sensors placed on the track bed. The
internal structures of a normal track bed and a damaged track bed are different, and so
are the response signals collected with the sensors. This feedback reflects differences in
the internal structure of a track bed and allows for the detection of defects that cannot be
identified by using existing technology. However, there is currently no complete set of
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technological devices and methods for analysing track bed defects based on the vibration
signals of rail transit trains.

Driving vibration signals are time-series data. Methods for detecting anomalies in
time series are mainly classified in three categories: clustering-based methods [7–10], deep
learning-based methods [11–13], and statistical-analysis-based methods [14,15]. For driving
vibration signals, there are structural differences in anomaly-containing measurement areas,
resulting in large differences compared with normal measurement areas. Therefore, cluster
analysis is prone to misjudgement under unsupervised conditions, making this method not
suitable for driving vibration signal anomaly detection. Methods based on deep learning
have high detection accuracy, but their computational complexity is high, and they cannot
meet the real demand of detecting a large amount of data every day. As a dynamic statistical
analysis model, the HMM can make full use of the contextual relationships of signals, has
strong recognition ability for temporal signals, and displays good accuracy in detection
results; thus, it has become a mainstream technology in speech recognition and other
fields [16]. In recent years, the HMM has also been applied to the field of time-series
anomaly detection [17–20]. As a machine learning method, it has higher detection accuracy
and lower computational complexity than deep learning models.

In driving vibration signal anomaly detection, the application of the HMM requires
the length of the input sequence to be consistent. In traditional methods, first, the time
series is aligned with DTW (dynamic time warping) or resampling technology [21,22]; then,
the window is shifted based on fixed window length and frame shifting to divide the signal
into equal-length frames to ensure that the signal enters the HMM. The input sequence
lengths are thus constant. In case of a large amount of data, the use of DTW or resampling
technology is time-consuming and laborious, and the fixed window length and frame
shift framing methods produce transition frames between different states when applied,
which affects model efficiency. In addition, rail transit lines are complex, and there are
large differences among normal signals, which requires a more in-depth feature analysis of
abnormal signals. Traditional feature extraction methods have some practical applications,
but they cannot be employed to fully describe the characteristics of defects.

In response to the above problems, in this study, we developed a railway track bed
defect detection method (DAS-HMM) based on optical fibre sensor signals and an improved
HMM. It was verified on real driving vibration signal data that this method can effectively
improve accuracy in track bed defect detection.

The principal innovations and contributions of this study are outlined below.
We established a waveform segmentation algorithm based on average amplitude to

address the issue of variable-length vibration signals. This algorithm ensures that input
sequences are of equal length, thereby avoiding signal alignment problems and improving
short-term signal quality.

A new feature quantity suitable for roadway defect detection, the adaptive power
spectrum energy ratio, which can adequately describe frequency domain differences among
abnormal signals, is proposed.

The HMM method was applied to the driving vibration signals sensed by a DAS
system for the first time. The experimental results on real data sets demonstrate that the
proposed feature quantity and waveform segmentation method exhibit greater accuracy
than traditional methods.

The structure of this article is as follows. In Section 2, theoretical knowledge related
to the HMM is presented. In Section 3, we elaborate on the specific methods of applying
the HMM based on DAS signals and present preliminary experimental comparisons with
real signals. In Section 4, we describe the setup of the experiments performed to verify the
effectiveness of the recommendations, and we present and analyse the results. Finally, in the
Section 5, we summarise the key findings and explore potential avenues for future research.
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2. DAS and Theoretical Basis of the HMM
2.1. DAS System

The advantage of DAS systems is that they can perform full-time and full-domain
monitoring. The DAS system used in this study to detect the vibration signals of trains is
shown in Figure 1. The continuous light emitted by the narrow linewidth laser is modulated
into an optical pulse signal of fixed pulse width by an electro-optical modulator. The optical
pulse signal is then amplified by an erbium-doped fibre amplifier and transmitted through
a circulator to a UWFBG (ultra-weak fibre Bragg grating) array located in the monitored
structure. As the fibre monitors the strain change caused by vibration, the grating in the fibre
grating array returns a pulsed light signal at different times. Each grating vibration sensor
has a reflection spectrum that enters the demodulator. The interferometer calculates the
wavelength parameters of the measurement area by demodulating the reflection spectrum
between two adjacent UWFBGs and outputs the interference result to three photodetectors.
In this way, the vibration signal of a rail transit train can be obtained after photoelectric
conversion. The length of the delay fibre in the Michelson interferometer is the same as
the interval between adjacent UWFBGs in the optical cable. The distance between adjacent
grating vibration sensors is 5 m. Each pair of sensors and the optical fibres between them
form a measurement area.
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2.2. Theoretical Basis of the HMM

The HMM has a strong ability to identify temporal information. This model is derived
from the Markov chain and contains hidden states, but the problem described here is
more complex than the Markov model. It essentially describes a dual stochastic process,
including the randomness of state transitions and the randomness of the observation events
that depend on the states. When processing driving vibration signals, each state of the
HMM can correspond to multiple frames of observations, i.e., the feature vector extracted
from the short-term signal. The HMM can be divided into the discrete HMM and the
continuous HMM according to the calculation method of the occurrence probability of the
observation sequence. The distribution of the observation values of the driving vibration
signal is continuous, and the differences within the normal measurement range are large;
thus, it is not appropriate to use the clustering algorithm to represent the continuous
sequence and then use the discrete HMM. In this study, we used HMM-GMM (hidden
Markov model–Gaussian mixture model) for modelling.

HMM-GMM mainly includes five parameters; the model can be expressed as
λ = (π, A, B, µ, U). The initial state matrix is π = πi, 1 ≤ i ≤ N, where N is the num-
ber of states and πi represents the probability that the state is Si at the initial moment,
where S = {S1, S2, · · · , SN} is the set of all state values. The probability of transition
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between states is represented by the state transition matrix. When the observation value
is given, the probability density in different states is determined by the emission matrix,
B, which includes M (the GMM order), the mean vector, µ, and the covariance matrix, U,
representing the probability of occurrence of Ok in a state. The specific derivation of the
above algorithm can be found in [16].

3. DAS-HMM Method

The detection of track bed defects based on a DAS system is essentially a time-series
anomaly detection problem. The process flow of the DAS-HMM method established in this
study is shown in Figure 2. To solve the problem of input sequence inconsistency caused by
signal length, we designed a waveform segmentation method that avoids complex signal
alignment algorithms and ensures that the input sequence length is the same. Based on the
abnormal fluctuations of abnormal signals, a track bed defect feature set was constructed,
which solved the problem of the low discrimination of existing features.

Electronics 2024, 13, x FOR PEER REVIEW  4  of  15 
 

 

ሼ𝑆ଵ, 𝑆ଶ,⋯ , 𝑆ேሽ  is the set of all state values. The probability of transition between states is 

represented by the state transition matrix. When the observation value is given, the prob‐

ability density in different states is determined by the emission matrix, B, which includes 

M (the GMM order), the mean vector,  𝜇, and the covariance matrix, U, representing the 

probability of occurrence of Ok in a state. The specific derivation of the above algorithm 

can be found in [16]. 

3. DAS‐HMM Method 

The detection of track bed defects based on a DAS system is essentially a time‐series 

anomaly detection problem. The process flow of the DAS‐HMM method established in 

this study  is shown  in Figure 2. To solve  the problem of  input sequence  inconsistency 

caused by signal length, we designed a waveform segmentation method that avoids com‐

plex signal alignment algorithms and ensures that the input sequence length is the same. 

Based on the abnormal fluctuations of abnormal signals, a track bed defect feature set was 

constructed, which solved the problem of the low discrimination of existing features. 

.

.

.

signal 
interception

waveform 
segmentation

feature 
extraction

HMM1

HMM2

HMMk

.

.

.

signal preprocessing sensor model

signal to be 
detected

The probability of the 
signal occurring 

under each model

Whether in the normal 
model the highest 

probability?

normal 
signal

abnormal 
signal

Percentage of abnormal 
signals in the measurement 

range

Determine sensor 
abnormality according to 

threshold

Model training section

Signal detection section

classify signals by sensor

yes

no

 

Figure 2. Flow chart for detection of track bed defects based on HMM. 

In the model training step, a set of long‐term signals, i.e., all signals returned by the 

sensors within a certain time period, is selected from each of the k measurement areas. 

First, a long‐term signal is intercepted [23], and the multi‐segment driving vibration signal 

obtained after interception is retained. For each measurement area, several sets of driving 

vibration signals are used as training sets. The signals are divided into sub‐waveforms by 

the waveform segmentation module; then, feature extraction is performed on these sub‐

waveforms to obtain the feature vector of each sub‐waveform. At this point, each segment 

of the driving vibration signal is converted into an observation sequence of the same size, 

which is, in turn, used as input for the Baum–Welch algorithm. After the iterative solution 

is  found,  the model parameters of  the HMM are obtained, and a  total of k models are 

trained. 

In the signal detection step, first, the signal to be detected is preprocessed; then, the 

probability of its occurrence under all models is calculated, and its vector in all measure‐

ment area models  is obtained. The model corresponding to  the maximum value  in  the 

vector element is then found. If the corresponding model is a normal measurement area 

model, the signal is determined to be normal; otherwise, it is determined to be abnormal. 

Finally, the classification status of the signals in the measurement area and the proportion 

of abnormal signals are calculated, and the health status of the measurement area is de‐

termined by delimiting the threshold. 

   

Figure 2. Flow chart for detection of track bed defects based on HMM.

In the model training step, a set of long-term signals, i.e., all signals returned by the
sensors within a certain time period, is selected from each of the k measurement areas.
First, a long-term signal is intercepted [23], and the multi-segment driving vibration signal
obtained after interception is retained. For each measurement area, several sets of driving
vibration signals are used as training sets. The signals are divided into sub-waveforms
by the waveform segmentation module; then, feature extraction is performed on these
sub-waveforms to obtain the feature vector of each sub-waveform. At this point, each
segment of the driving vibration signal is converted into an observation sequence of the
same size, which is, in turn, used as input for the Baum–Welch algorithm. After the iterative
solution is found, the model parameters of the HMM are obtained, and a total of k models
are trained.

In the signal detection step, first, the signal to be detected is preprocessed; then, the
probability of its occurrence under all models is calculated, and its vector in all measurement
area models is obtained. The model corresponding to the maximum value in the vector
element is then found. If the corresponding model is a normal measurement area model, the
signal is determined to be normal; otherwise, it is determined to be abnormal. Finally, the
classification status of the signals in the measurement area and the proportion of abnormal
signals are calculated, and the health status of the measurement area is determined by
delimiting the threshold.

3.1. State and Signal

The signal comes mainly from the vibration of the train, which is transmitted through
the bogie to the track bed, and finally converted into a digital signal by the sensor. When a
train passes through the measurement area, there are four bogie states, which are listed in
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Table 1. The actual scenario corresponding to each state is shown in Figure 3. The power of
the signal is shown in Figure 4.

Table 1. Physical processes corresponding to four states.

Hidden State Number of Bogies Main Signal Source

S1 0 White noise
S2 1 Front or rear bogie
S3 0 Residual waves of front and rear bogies
S4 2 Front and rear bogies
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For example, the actual driving scenario of a train in S2 corresponds to Figure 3b. In
this case, one bogie of the train is located in the measurement area, and the signal comes
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mainly from the vibration transmitted from the bogie to the sensor, as shown in the S2 part
of Figure 4.

3.2. Waveform Segmentation Based on Average Amplitude

In the traditional framing method, first, a complex signal alignment algorithm is
required to make the time series equal in length; then, the frame is divided by using a fixed
sliding window. With this method, the transition between different states of the signal
is not taken into account, which makes it suitable for processing high-frequency signals.
The fundamental frequency of the driving vibration signal is low, and the state transitions
are frequent. With the traditional framing method, there are a large number of transition
frames between different states. The framing effect of the traditional method on the driving
vibration signal is shown in Figure 5. For example, the red part of the signal in Figure 5
contains almost half of the S2 state and all of the S3 state. It is difficult for the model to
accurately predict the state at this time.
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Although the lengths of driving vibration signals are different, the same physical
process occurs when the train passes a sensor; therefore, these signals behave similarly in
waveform and can be seen as different degrees of stretching in the time dimension. Based
on this, we established a waveform segmentation method based on average amplitude
according to the characteristics of the driving vibration signals, as shown in Figure 6. The
idea is to find the waveform in S3. The amplitude of this part of the signal is relatively
small, and the interval between adjacent waveforms is long, making it easy to distinguish.
Except for S1, all transitions between different states must pass through S3, so finding all S3
allows for the separation of all the waveforms.
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First, the driving vibration signal is processed into frames. When evaluating the signal
waveform, it is important to divide it into detailed frames to minimise the interference
of the transition frames with the waveform assessment. This is particularly crucial for
signals with a short duration, where it is necessary to retain an adequate number of frames.
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However, the frames should not be too fine, as this may result in incomplete information
about the waveform within each frame and increase the computational load. In general, the
state with the shortest duration represents approximately 0.07 of the entire signal. To meet
the above requirements, it is sufficient to maintain this state for 8 to 10 frames. Therefore,
in our method, the signal is divided into 120 frames for waveform segmentation.

The average amplitude of each frame of the signal is calculated, and the short-term
signal average amplitude (SAA) sequence is generated. The long-term signals collected by
the DAS system contain a large number of white noise signals when no trains are passing;
as these signals are meaningless in detecting track bed defects, we need to remove them to
improve the quality of the data set. To do so, it is common practice to discard the first and
last six frames. As the amplitude of white noise signals is often less than 0.5, in our method,
we divide the long-term signal into frames. Each frame is 1 s long and contains 1000 points
of short-term signals. If the average amplitude of the signal in this frame is less than 0.5, it
is discarded immediately; otherwise, it is regarded as the beginning of the driving vibration
signal; on the other hand, it is regarded as the end of the signal if the average amplitude
of the following frames is less than 0.5. It should be noted that when a driving vibration
signal is intercepted, the frame length is set to 1000 sample points for high interception
efficiency. As a result, there is still a small amount of white noise in the intercepted signal,
i.e., state 1, which affects waveform segmentation. Therefore, we need to further remove
this white noise. This part of white noise is usually about 0.05 of the total signal length,
so it can be effectively separated by removing the first and last six frames of the signal, as
mentioned above. Since the key is to find state 3, even if part of the waveform in state 2 is
deleted by applying the above method, this does not affect waveform segmentation.

After removing the white noise, we search for the minimum points of the SAA se-
quence. These extreme points contain not only S3 but also some noise. Therefore, we need
to filter these minimum points and retain the points that are 1.3 times greater than the
minimum and less than 2 times greater than the minimum. Finally, the waveform state
is determined based on the number of filtered extreme points. If the number of extreme
points after filtering is the same as the actual number of S3, i.e., six (corresponding to
the number of wagons), the signal is determined to be a clear waveform signal. Since
the minimum value point corresponds to the mean time of S3, it is necessary to shift the
sequence of minimum value points forward by approximately half the number of frames,
typically three to five frames, to match the state start time, and then segment the signal.
If the number of minimum value points after screening is not six, it means that the SAA
sequence is unclear and that the signal waveform is poor; the signal is then identified as a
chaotic waveform signal.

Signals with complex waveforms are segmented based on the pre-estimated duration
ratio of each state. The motion signal is also segmented into 15 segments to match the
number of segmented frames. An effect diagram of the waveform segmentation and
framing method based on average amplitude is shown in Figure 7. Taking the red part
of the signal in Figure 5 as an example, the frame generated by applying waveform
segmentation contains only one state, S3. The transition parts between different states in
Figure 5 are correctly segmented (orange ellipse part).
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Figure 7. DAS-HMM waveform segmentation rendering.
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3.3. Feature Extraction Based on Anomalous Fluctuations and Autoencoders
3.3.1. Existing Feature Extraction Methods and Abnormal Signal Power Analysis

In this study, we aimed to develop a method for extracting track bed defect features
from DAS system signals, an area not fully covered by the existing literature. Signal feature
extraction focuses on three aspects: the time domain, the frequency domain, and model
coefficients. Feature quantities for time domain analyses are very versatile. Commonly
used feature quantities include mean, variance, energy, extreme value, zero crossing rate,
etc. Frequency domain analysis relies more on signal characteristics, among which features
based on power spectral density and spectral entropy are widely used. In terms of parame-
ter models, most are based on the AR (auto regressive) and MA (moving average) models.
The former focuses on the influence of past values of the time series itself, while the latter
focuses on the influence of past error terms. The abnormal signal manifestations and the
track bed defect feature set constructed based on them are presented below.

Track bed defects [24] mainly manifest in three aspects. Firstly, the original rigid
structure of the track bed appears to have changed. When external forces are applied, the
displacement in a defective track bed is larger than that in a normal track bed, the amplitude
of the corresponding signal is larger, and the instantaneous impact is stronger [16]. Secondly,
when the track bed structure is damaged, the interaction within the track bed is enhanced
when a train passes, exacerbating damage to the track bed structure [17]. This interaction is
different from the excitation of the track bed by a train and produces abnormal fluctuations
that are not found in normal signals. In addition, due to the changes in the vibration
transmission process caused by the damage to the internal structure, the signal waveform
of a defective track bed is different from that of a normal signal, and there are certain
differences in its model coefficients. A typical abnormal signal is shown in Figure 8. The
above physical analysis of track bed defects is reflected in these signals. The peak value
of the signal waveform exceeds 50, which is larger and has more ridges than the normal
signal shown in Figure 4. The waveform of the normal signal is more regular.
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Figure 8. Typical abnormal signal. Figure 8. Typical abnormal signal.

Conditions in railway measurement areas are complex. For example, the track bed near
the expansion joints has a large vibration amplitude, and so does the signal; furthermore,
some sensing fibres conflict with existing lines, resulting in chaotic waveforms and high
spectrum complexity. These cases require comprehensive feature extraction. Existing
feature extraction methods are inadequate in distinguishing the frequency domain features
and model parameters of driving signals. In this study, we developed an adaptive power
spectrum energy ratio calculation method in the frequency domain; in terms of model
parameter features, an AR+ autoencoder is selected based on the changes before and after
defect development. The final feature set of the track bed defect includes the following
feature quantities: average amplitude, energy, spectral entropy, power spectrum energy
ratio, and AR+ autoencoder.

3.3.2. Adaptive Power Spectrum Energy Ratio for Abnormal Fluctuations

To accurately describe the difference in abnormal fluctuations, we propose a new
feature quantity in the frequency domain: the adaptive power spectrum energy ratio. A
driving signal has a main-frequency component that is related to speed and has high energy.
However, a train accelerates and decelerates during its journey, so the main frequency
fluctuates to some extent. A power spectrum energy comparison diagram of normal and
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abnormal signals is shown in Figure 9. The range of such fluctuations in the main frequency
is small, generally within 2 Hz, but abnormal fluctuations are evident from 0 to 6 Hz above
the main frequency. On the basis of the above differences, the adaptive power spectrum
energy ratio feature quantity is proposed.

Electronics 2024, 13, x FOR PEER REVIEW  9  of  15 
 

 

Conditions in railway measurement areas are complex. For example, the track bed 

near the expansion joints has a large vibration amplitude, and so does the signal; further‐

more, some sensing fibres conflict with existing lines, resulting in chaotic waveforms and 

high spectrum complexity. These cases require comprehensive feature extraction. Existing 

feature extraction methods are  inadequate  in distinguishing the frequency domain fea‐

tures and model parameters of driving signals. In this study, we developed an adaptive 

power spectrum energy ratio calculation method  in  the  frequency domain;  in  terms of 

model parameter features, an AR+ autoencoder is selected based on the changes before 

and after defect development. The final feature set of the track bed defect  includes the 

following  feature quantities: average amplitude, energy, spectral entropy, power spec‐

trum energy ratio, and AR+ autoencoder. 

3.3.2. Adaptive Power Spectrum Energy Ratio for Abnormal Fluctuations 

To accurately describe  the difference  in abnormal  fluctuations, we propose a new 

feature quantity in the frequency domain: the adaptive power spectrum energy ratio. A 

driving signal has a main‐frequency component that is related to speed and has high en‐

ergy. However, a  train accelerates and decelerates during  its  journey, so  the main  fre‐

quency fluctuates to some extent. A power spectrum energy comparison diagram of nor‐

mal and abnormal signals is shown in Figure 9. The range of such fluctuations in the main 

frequency is small, generally within 2 Hz, but abnormal fluctuations are evident from 0 to 

6 Hz above the main frequency. On the basis of the above differences, the adaptive power 

spectrum energy ratio feature quantity is proposed. 

0 5 10 15 20
0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 p
ow

er
 s

pe
ct

ru
m

 e
ne

rg
y

Frequency [Hz]

 abnormal signal
 normal signal

Abnormal fluctuations

main frequency
 component

 

Figure 9. Signal power spectrum energy ratio comparison chart. 

The method for calculating the adaptive power spectrum energy ratio is as follows. 

First, the Fourier transform of signal x(n) is calculated with Equation (1): 

21

0

( ) ( )
N j nk

N

n

X k e x n
 




 

(1)

Above, k = 0, 1, …, N − 1, where N is the number of Fourier transform points, which 

is the smallest power of 2 greater than the number (L) of data points in the signal; e is the 

natural  logarithm; and  j  is  the  imaginary unit. Then, we calculate  the power spectrum 

energy of the signal with Equation (2): 

21
( ) ( )P k X k

N


 
(2)

The main frequency (F) is given by Equation (3): 

Figure 9. Signal power spectrum energy ratio comparison chart.

The method for calculating the adaptive power spectrum energy ratio is as follows.
First, the Fourier transform of signal x(n) is calculated with Equation (1):

X(k) =
N−1

∑
n=0

e
−j

2π

N
nk

x(n) (1)

Above, k = 0, 1, . . ., N − 1, where N is the number of Fourier transform points, which
is the smallest power of 2 greater than the number (L) of data points in the signal; e is the
natural logarithm; and j is the imaginary unit. Then, we calculate the power spectrum
energy of the signal with Equation (2):

P(k) =
1
N
|X(k)|2 (2)

The main frequency (F) is given by Equation (3):

F = max[P(k)] (3)

The energy of abnormal fluctuations is mainly distributed in the frequency range
2.5 Hz to 5.5 Hz above the main frequency of the signal, and this frequency band is
recorded as the abnormal fluctuation frequency band. We calculate the energy ratio (R) of
the abnormal fluctuation frequency band with Equation (4):

R =
P2

P1
(4)

Above, R is the energy ratio of the adaptive power spectrum, P2 is the energy portion
of the range 2.5 Hz to 5.5 Hz above the main-frequency component of the signal, and P1 is
the energy portion of the signal range 0 Hz to 50 Hz.

3.3.3. Model Coefficient Feature Extraction

The AR model shows excellent performance on time series with relatively simple
spectra and has lower computational complexity than the MA model. Moreover, there is
no requirement for the length of the input data, which is suitable for the feature extraction
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of short-term signal units. To use the coefficients of the AR model as features, it is also
necessary to determine the weight of each order coefficient. The autoencoder can solve the
weight problem of the AR coefficient and can also mine the nonlinear information in the
AR coefficient and reduce its dimension. Therefore, in this study, we innovatively used AR
coefficients and autoencoders. The autoencoder model is trained according to the signal
state. The analysis of the signal state is presented in Section 3. Figure 10 is a schematic
diagram of the autoencoder training model.
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After the signal has been framed by using the waveform segmentation method intro-
duced in Section 3, each short-term signal unit SU is obtained; then, the 13th-order AR
coefficient of each SU, i.e., the short-term signal AR coefficient (SC), is calculated. Each
SC vector is assigned its corresponding state label, and these SCs are divided into four
data sets according to the state label. For example, the first frame in Figure 6 is S1 and is
divided into data set 1. Finally, the autoencoder model is trained on each data set. After the
test set samples have been processed by the trained autoencoder model, the hidden layer
representation, which is the model parameter feature of the signal, is obtained.

4. Experimental Analysis
4.1. Experimental Data Description and Software Environment

In the experiment, we used data collected from a specific section of Wuhan Rail Transit
Line 8 from 2022 to 2023, with a total of 114 measurement areas. They were collected
using a DAS system with a sampling rate of 1000 Hz. The effects of track bed defect
development change gradually over time, and we divided it into early and late stages
according to the time periods. Early-stage defect development is a gradual transformation
process from normal to abnormal and can be further divided into pre-early-stage and
post-early-stage development. There were two track bed defects in the interval considered.
In order to be close to the actual application scenario, we used the abnormal data in the
early and late stages of the first track defect as the training set, and the corresponding data
of the second track defect as the test set. Each measurement area used 60 sets of passing
traffic signals to train the HMM; as the normal measurement area encompassed various
types of track beds, including shock-absorbing track beds [25,26], vibration-absorbing
fasteners, and overlapping optical cable lines, the signals in the abnormal measurement
area exhibited similar behaviour. To cover all scenarios, a model had to be constructed for
each measurement area. Therefore, a total of 112 normal models and 2 abnormal models
were trained.
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The operating system used was Windows 10 (Professional Edition), and the MATLAB
version used was R2023a; the computer configuration is shown in Table 2.

Table 2. Computer configuration.

Project Configuration Experimental Use

CPU Xeon 4216 (32C64P) Data calculation
Computer memory 256 GB (DDR4 2400 MHZ) Data exchange

GPU NVIDIA RTX 3080 Graphics rendering output
Computer disc 50 TB (HDD) Data storage

4.2. Comparative Experimental Design

To verify the effectiveness of waveform segmentation and feature extraction in this
study, three methods were used for experimental comparison. The specific methods are
listed in Table 3. For the experimental group, we used the feature set and waveform
segmentation proposed in this study to improve the HMM method for track bed defects.
For control group 1, we used the HMM method on the traditional feature set, with reference
to the time–frequency features used in [18]. For control group 2, we used the time–frequency
features proposed in this study. The feature set of control group 2 was similarly based
on the traditional feature set, but we did not use the waveform segmentation method.
Changes in the feature set may affect the accuracy of the model in classifying events, while
the use of waveform segmentation may improve the efficiency and accuracy of the model in
processing signals. By comparing three sets of experimental results, the effects of the feature
set and waveform segmentation method on track bed defect detection were evaluated.

Table 3. Table of differences in three experimental methods.

Experimental Group Method

Control group 1 Traditional framing + traditional feature set
Control group 2 Traditional framing + track bed defect feature set

Experimental group Waveform segmentation + track bed defect feature set

The test set included two data sets, i.e., the early and late development stages of the
second track bed defect. The data included 112 normal measurement areas and 2 defect
measurement areas. Based on the data balance and actual application scenarios, we con-
ducted two tests with statistical indicators. In the first test, we selected 500 sets of normal
samples and 240 sets of abnormal samples from the two test data sets and calculated three
indicators: accuracy, recall, and precision. In practical applications, the health status of
each measurement area is not known before detection, so the same number of signals was
selected for each measurement area for the second test. We selected all measurement areas
of the two data sets, each containing 60 sets of passing vehicle data, and calculated the
proportion of abnormal signals in these data. The number of false detection areas, NF
(number of false sensors), where the proportion of abnormal signals was greater than the
threshold, was used as the evaluation index, for a total of four evaluation indices.

4.3. HMM Modelling Test

The HMM requires a number of iterations for training convergence. As shown in
Figure 11, we plotted the iteration curves of the HMM in normal and abnormal measure-
ment areas. As can be seen from the figure, all models could converge after two iterations,
indicating that the training speed of the HMM is faster. The stopping condition we adopted
was that the number of iterations reached 10 or the iteration error was less than 10−6.
This stopping condition can effectively avoid the problems of overfitting and underfitting.
When calculating the probability of the emission matrix using the HMM-GMM method, the
probability of a single point cannot be calculated, so the probability density function values
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of the distribution are used instead [16], and these values are allowed to be greater than 1.
To avoid data overflow, the logarithm of the probability is considered in the calculation.
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The development of track bed defects is a gradual process, and the proportion of
abnormal signals in the measurement area also increases as defects develop. In the ex-
periment, the assessment threshold of NF was set to 0.4, which is conducive to the early
detection of track bed defects. This is an empirical threshold. The test results of the control
and experimental groups on the two data sets are shown in Table 4, according to which the
detection results in the early development stage of the defect are worse than those in its
late development stage. This is because, as time passes, defects gradually intensify, and the
abnormal data become more obvious, which is consistent with the actual scenarios.

Table 4. The HMM detection results for the three methods.

Data Set Method Precision Recall Accuracy NF

Pre-defect stage
Control group 1 0.5514 0.9833 0.8676 2
Control group 2 0.7692 1.0000 0.9514 1

Experimental group 0.8676 0.9833 0.9730 0

Post-defect stage
Control group 1 0.7643 1.0000 0.9500 1
Control group 2 0.9916 0.9833 0.9959 0

Experimental group 0.9752 0.9833 0.9932 0

First, if we compare the experimental results of control groups 1 and 2 based on
different feature sets, we can see that control group 2 had significantly higher precision
and accuracy on the two data sets than control group 1, as well as a smaller NF value. By
optimising the feature set, we increased accuracy from 0.5514 to 0.7692, indicating that our
proposed feature set for bed defect hazards has better results in real scenarios. Then, by
comparing control group 2 and the experimental group based on different framing methods,
we can see that there was not much difference in the various indicators in the early and late
development stages of the defect and that abnormalities were accurately detected. In the
early stage of defect development, the accuracy and precision of the experimental group
were higher than those of control group 2, while the experimental group achieved zero
misjudgements of the health status of the test area. This shows that the method proposed
in this study can be used in situations where the defect is not yet evident. Under this
condition, abnormalities can be keenly and accurately detected, and the health status of the
measurement area be accurately determined. This function helps to reduce the workload of
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public works railway departments in detecting false alarms in the field, and is therefore
of great value in practical applications. In general, there was no significant difference in
the recall rate between the methods, but the method we propose displayed significant
advantages in the detection of early-stage defects, especially in terms of precision and NF.

The track bed defect detection method proposed in this study has a high detection
rate for signals in the defect detection area, and it also has accurate results when cal-
culating the optimal hidden state sequence by using the Viterbi algorithm. The hidden
state path diagram of a typical normal signal is shown in Figure 12. The experimental
results show that the calculated optimal path is highly consistent with the state transition
sequence observed in the actual physical process and that the state of each waveform can
be accurately determined.
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5. Conclusions

By addressing the problem of different lengths of driving vibration signals, in this
study, we developed a waveform segmentation algorithm based on average amplitude to
ensure the consistency of input sequence lengths, avoid computationally complex signal
alignment algorithms, and improve short-term signal quality. Given the gaps in research on
the extraction of track bed defect features from DAS signals, we analysed the performance
of our method in detecting track bed defects and improved it with the adaptive power
spectrum energy ratio; finally, an AR+ autoencoder feature was developed for model
coefficient analysis. Moreover, combined with existing feature extraction methods, a track
bed defect feature set was constructed. It was shown that the DAS-HMM method can be
used to achieve the accurate and efficient detection of track bed defect signals.

In the future, we will extend our work by considering data dimensionality reduction,
i.e., reducing the dimensionality of multiple passing signals from the same measurement
area and using a simple algorithm to select a representative sample to achieve more efficient
track bed anomaly detection.
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