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Abstract: The turnout switch machine, a vital outdoor component of railway signaling, controls
train steering amidst complex operations and high frequencies. Its malfunction significantly disrupts
train operations, potentially causing derailments. This paper proposes a sound-based fault diagnosis
method, termed ERS (a method combining EMD, ReliefF, and SVM), for effective monitoring and
detection of turnout switch machines. The method employs Eigenmode Decomposition (EMD) to
smooth the sound signal, reduce noise, and extract key statistical parameters of both the time and
frequency domains. To address redundant information in high-dimensional features, the ReliefF
algorithm is utilized for feature selection, dimension reduction, and fault classification based on
weighted parameters. Subsequently, the selected feature parameters are used to train the Support
Vector Machine (SVM). A comparison with results obtained without ReliefF feature selection demon-
strates the necessity of this step. The results show that the fault diagnosis accuracy reaches 98% in the
positioning work mode and 95.67% in the reversing work mode, verifying the method’s effectiveness
and feasibility.
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1. Introduction

In recent years, high-speed railways have achieved rapid development in the world.
The problem of fault diagnosis of rail transportation systems has increasingly attracted
extensive attention from society. Specifically, the turnout switch machine is an important
piece of equipment to ensure the efficient and safe operation of the railway, which is directly
related to whether the train can run safely. Statistics show that the number of faults always
accounts for the first place in the railway signaling system (about 40%). Therefore, it is of
great significance to develop an efficient fault diagnosis method for turnouts.

Recent years, many scholars have performed many studies on fault diagnosis of switch
machines. The current landscape of fault diagnosis methods for turnout switch machines
can be summarized as the threshold method [1,2], the expert system method [3], and the
signal processing method [4-10].

In terms of the threshold methods, they rely heavily on empirical data and are sus-
ceptible to the vagaries of subjective interpretation. The threshold method detects faults
by setting empirical thresholds for the dynamic time of the turnout motor current, and
one of the commonly used ways is dynamic time wrapping [1,2]. The key step of the
method is the setting of thresholds. For example, Gao et al. proposed a threshold-based
method using FastDTW under big data monitoring [1]. However, it is prone to subjective
judgment since the thresholds are set based on experience. In addition, due to the influence
of various external conditions and different conditions of the equipment itself on each fault,
there is significant randomness. This results in relatively large errors and low accuracy.
Additionally, the threshold method can only determine the occurrence of a fault but cannot
identify the cause of the fault.
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For the expert system, it gains a comprehensive understanding of faults through the
accumulation of a sufficient quantity of experience. It can identify both the occurrence of
faults and their underlying causes. For example, Reetz et al. presented an expert-system-
based fault diagnosis method for railway switch machines by combining multiple sources
of information [3]. However, it is heavily influenced by factors of human control, lacks
objectivity, and is prone to affecting judgment results, even though it has high accuracy
and strong flexibility.

In light of these above challenges, the field has witnessed a surge in innovative solu-
tions that leverage advancements in signal processing [4-6]. For example, Lao et al. pro-
posed a fault diagnosis for a switch machine based on multiscale permutation entropy,
adaptive feature selection, and improved LightGBM to distinguish samples with similar
categories for higher diagnostic accuracy [7]. Wang et al. proposed a fault diagnosis method
based on maximal relevancy, minimal redundancy, and a cost-sensitive Extreme Learn-
ing Machine, which had better stability and generalization than traditional methods [8].
Abbasnejad et al. proposed a fault prediction method for rotational speed, based on Au-
toregressive Integrated Moving Average (ARIMA) and Autoregressive Kalman methods,
which utilize wavelet transform to extract fault trends in ball screws and gears, enabling
fault detection and diagnosis [9]. Shi et al. proposed a method based on auto-associative
residuals for assessing the health status and diagnosing faults in switch machines and
achieved the advantage of requiring less expert knowledge for model development [10].
Accordingly, the signal processing method can effectively address issues present in tradi-
tional fault diagnosis methods, such as the inability to identify the causes of faults, the need
for a large amount of expert experience, and the significant influence of the subject.

In general, the motor current and voltage signals of the switch machine are the
acquired data for processing. However, the integration of vibration signal analysis also has
shown promise, offering a non-invasive approach to diagnosing faults by interpreting the
mechanical signatures embedded within the vibration data. Since the vibration signals of
the switch machine contain rich mechanical information, the fault information is complex
and diverse, prone to interference, and easily affected by noise. Therefore, misjudgment,
missed judgment, and misdiagnosis often occur during monitoring. To address these
issues, a method based on sound analysis utilizes Mel-frequency cepstrum coefficients
(MFCCs) and SVM to effectively detect faults in rail transit signals [11]. The method can
effectively extract characteristic information from rail transit signals and employ SVM
for classification and recognition, thereby achieving effective detection and diagnosis of
rail transit signals. A fault diagnosis method for railway point machines using VMD
and multiscale fluctuation-based dispersion entropy was proposed based on vibration
signals [4]. Apart from traditional machine learning methods, big data technology [12-15]
and data fusion [16,17] are also important, but obtaining a large amount of comprehensive
data for data processing is difficult and expensive. Furthermore, the existing methods
are easily influenced by human factors, with conditions that are not objective, which
reduces accuracy.

Therefore, to achieve better performance for the fault diagnosis of switch machines,
considering the advantages of easy collection and contactlessness of sound signals, this
paper proposes a sound-signal-based fault diagnosis method, namely ERS (a method
combining EMD, ReliefF, and SVM)), for the turnout switch machine. First, employed as
a favored technique for handling signals that are both non-stationary and nonlinear, EMD
is applied to the preliminary processing of the sound signals [18-24]. The initial 15 intrinsic
mode functions’ statistical characteristics in both time and frequency domains are utilized
to form the feature vector. To quickly reduce the insufficient features, the ReliefF algorithm
is used to realize feature dimensionality reduction [25,26]. Finally, SVM is selected for fault
diagnosis due to its applicability to small samples.

This paper is organized as follows. Section 2 introduces the fault diagnosis method.
Section 3 presents experiment results and analysis. Section 4 draws the conclusion.
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2. Methodology

Considering the advantages of EMD, our work utilized EMD to preprocess sound
signals to extract both time domain and frequency domain information. Then, the ReliefF
algorithm was utilized to select the features. Finally, the types of faults in the turnout
switch machine were determined by classifying the combined characteristics using SVM.
Its execution process is shown in Figure 1.

Sound signal of turnout rutting
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Figure 1. Execution process of ERS.

2.1. EMD Algorithm

EMD has been widely applied to the problems of denoising [18], feature extraction [19],
and prediction [20]. Moreover, it has the ability to intelligently decompose the source
signal into a set of intrinsic modal functions (IMFs) and a residual component, allowing
for the extraction of detailed information from the non-stationary and nonlinear signals
of mechanical equipment [21-24]. The pseudo-code of the EMD algorithm is shown in
Algorithm 1.
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Algorithm 1. The pseudo-code of the EMD algorithm

Input: the original signal, x(t);

# Find local maxima and minima

1:  maxima = find_local_maxima(x(t));
2:  minima = find_local_minima(x(t));
# Fit upper and lower envelopes

3:  e4(t) = fit_upper_envelope(maxima);
4:  e_(t) = fit_lower_envelope(minima);

# Compute the mean of the envelopes

5. m(t)= (ex(t) + e—(£))/2;

# Calculate the residual

6:  ru(t) = x(t) —m(t);

# Check if the residual satisfies two IMF conditions
7. if satisfy_IMF_conditions(r,(t)) then

8: n=n+1;

9: cn(t) = ra(t);

10: x(t) = x(t) —ca(t);
11: else

12: goto step 1;

13: endif

# Check if the residual is a monotonic function or constant

14: if is_monotonic_or_constant() then

15: break;
16: else
17: goto step 1;

In Algorithm 1, two IMF conditions are as follows: (1) The number of extrema must
equal the number of zero crossings, or their difference must not exceed one. (2) At any
moment, the mean of the upper and lower envelopes, determined by the local peaks and
troughs, should equal zero. In addition, m(t), r(t), and c,(t) are the mean envelope, the
intermediate variable, and the nth IMF, respectively. The decomposed signal of the original
signal can be described as follows:

n

x(t) =Y cu(t) + Res (1)

1

In Equation (1), x(¢) and Res represent the original signal and the residuals, respectively.

2.2. ReliefF Algorithm

When dealing with high-dimensional data, there are inevitably a large number of re-
dundant and irrelevant features. It not only increases the complexity and time consumption
of data processing but also reduces the accuracy of data classification to some extent. As
a filter method with relatively low computational complexity and relatively higher speed,
the ReliefF algorithm is an extension of Relief for the binary classification problem based
on a distance criterion or correlation [25,26].

Against multi-classification problems, the RelifF algorithm randomly selects a sample
R from the training set and then finds k nearest neighbor samples (near Hits) of R from the
sample set of the same class as R, denoted as H;. Also, it finds k nearest neighbor samples
from the sample sets (near Misses) of each different class from R, denoted as M(C) j-and
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then updates the weight of each feature. For example, the feature weight W(A) of feature
A in the sample set is as shown in Equation (2) below [25,26]:

Z;(:l d (A' R, H]) + Zc#class(R) % 'Z;'Czl d<A/ R, M(C)])
(k) 2

W(A) =W(A) -

In the equation, Class(R) is the class of the randomly selected sample; P(C) is the
probability of class C occurring; P(class(R)) is the probability of Class(R); d(A, R, H;j) and

d (A, R,M(C) ]-) are the distances between both H; and M(C) jto feature A, respectively;

and m is the number of sampling times. ReliefF can provide weights for different features.
The features with a larger weight possess higher discriminatory power. Therefore, ReliefF
is used to reduce the dimensionality of the original feature set.

2.3. SVM Algorithm

For classification problems, SVM is a class of generalized linear classifiers that classify
binary data in a supervised learning fashion. SVMs are known for their ability to generalize
well to unseen data, which is crucial in fault diagnosis where the model must accurately
predict faults even with new, previously unencountered, conditions [27,28]. The decision
boundary is a maximum margin hyperplane solved for the learning samples. It enables the
conversion of the issue into a solution for convex quadratic programming. The computation
for solving the problem is the inner product (or dot product) when transformed into
an optimization problem in linear SVM. Then, the vector points in the training set ¢(X)
are converted into a nonlinear and high-dimensional mapping function. Given that the
algorithmic complexity of the inner product is greater, the kernel function is used to
compute the inner product of the nonlinear mapping function. The problems of dimensional
catastrophe and nonlinear differentiability can be overcome. Due to the high dimensionality
of the data in this experiment and the nonlinear nature of the problem, the radial basis
function (RBF) was used as the SVM kernel, as is shown in Equation (3):

K(x,x;) = exp(—”x—xl-Hz/Zaz) 3)

In (3), x and x; are two sample points in the input space; ¢ is a hyperparameter; and
exp(-) is the Gaussian function. In addition, the SVM classification decision function is
shown in Equation (4) below:

f(x) = sign (WTx + b) (4)

In Equation (4), sign(-) is the sign function; f(x) equals 1 if f(x) is of positive class
and —1if f(x) is of negative class.

3. Experiment Results

To verify the effectiveness of EMD-RelifF-SVM, the collected sound signal for fault
diagnosis was processed by the proposed method. In addition, the comparison of classi-
fication results obtained from training SVM using all features (without feature selection)
and features after dimensionality reduction by the RelifF algorithm was conducted and
analyzed. The experimental setting was based on our previous publication [29].

3.1. Sound Signal Acquisition

The sound signal was recorded from the ZDJ9 switch machine, as shown in Figure 2,
under 10 different working conditions using a portable recorder (PCM-D50) with a sampling
frequency of 44.1 kHz for the more clear IMFs [30]. According to the onsite investigation,
10 states of ZDJ9 in both the positioning and reversing work were collected from Xi’an
Railway Signal Co., Ltd., Xi’an, China (refer to the website: http://xaxh.crsc.cn/g4243.aspx
(accessed on 28 November 2024)), as shown in Table 1. Each state contained 80 samples of
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the sound data, totaling 1600 samples. Each sample was collected for 7 s; thus, there were
approximately 308,700 sampling points.

Figure 2. Internal view of the turnout switch machine.

Table 1. Ten work states of the ZD]J9.

Type States Description Type States Description
A No load F Loose gearbox bite
B Normal G Gearbox knocking sound, Level I
C Signposts not in place H Gearbox knocking sound, Level II
D Friction I Gearbox overbite, Level I
E Jamming J Gearbox overbite, Level I

Figure 3 presents the time domain waveforms for 10 states in the positioning work. As
depicted in Figure 3, the switching process takes more time under normal load conditions
(Type B) compared to no load (Type A). Type B shares similarities with Type C, except
for the presence of an impact sound between the moving and fixed contacts within the
switch circuit controller, which is characteristic of Type B. An increase in friction between
the slide plate and the turnout belt correlates with a longer switching time (Type D), and
the motor generates higher torque, resulting in distinct sound signals. In Type E scenarios,
despite motor operation, the throw bar remains immobile due to obstructions, leading to
an absence of locking sounds and an extended switching duration beyond the standard
5.8 s. Failures in the retarder, progressing from Type F to Type ], exacerbate damage, which
is evident in the unusual sound emissions. Loose gear meshing in the retarder results in
metallic impact noises, while tight meshing produces a high-pitched sound. Pitting of gear
teeth leads to knocking sounds, with the intensity of the abnormal sound increasing in line
with the severity of the damage (for example, Type H and Type J).
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Figure 3. Ten types of time domain waveforms in the positioning work. Note that the x-coordinate of
all figures denotes the time (s).
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3.2. Training Set and Testing Set

Considering that the data samples (sound signal) needed for classifier training and
testing were different, and the normalization of data in the training set and testing set
should be carried out separately without affecting each other, all data samples of sound
signal were divided into the training set and the testing set. To maintain the consistency of
variables, the number of samples for each working state in the training set or the testing set
should be the same. Therefore, 80 data samples in each state were set up as 50 samples in
the training set and 30 samples in the testing set to ensure classification accuracy.

Due to the large disparity among the extracted feature data, the magnitude of the
extraction values for different features of the same sample ranges from 10~ to 10°. This
results in the lower-order magnitude values being easily overshadowed in the subsequent
feature selection and classification processes, leading to increased errors, inaccurate clas-
sification, and inconsistent feature dimensions, which prevents further data processing.
According to Section 3.1, the sound signal can reflect abnormalities in rotational speed,
as is shown in Figure 3. Nevertheless, the sound signal of rotational speed, being a form
of vibration signal, typically exhibits non-stationary and nonlinear characteristics. For
in-depth analysis, EMD was employed to preprocess the signals into a stationary form. As
an illustration, Figure 4 displays the initial 16 IMFs derived from Type A.
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Figure 4. The first 16 IMFs of Type A sound signals.
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It can be seen from Figure 4 that the initial few IMFs contain high-frequency infor-
mation, which can reflect most of the information from the original signal. The last few
IMFs, on the other hand, include low-frequency information and have small amplitudes.
For quantitative analysis, this paper considered the first 15 IMFs for further examination.
Subsequently, for each IMF, 10 time domain statistic features (mean, standard deviation,
kurtosis, skewness, RMS, RMS amplitude, margin factor, shape factor, crest factor, pulse
factor) and 3 frequency domain features (center of gravity frequency, RMS frequency, fre-
quency standard deviation) were extracted. Thus, the dimension of extracted features
was 15 x 13 = 195. Then, normalization is necessary to eliminate the effect of different
dimensions. The normalization formula is shown in Equation (5) below:

x — Mean(x)

1= var(x)

(5)

where x, Mean(x), and var(x) denote the vector features, mean, and variance required
for normalization, respectively. In addition, kurtosis, skewness, and RMS can be used for
quantitative assessment of EMD’s noise reduction effect [31].

3.3. Results and Discussion

After the dataset was obtained, SVM classification was performed. For the SVM
classification model, the two hyperparameters that needed to be tuned were the penalty
coefficient C and the coefficient y of the RBF kernel function. In principle, C should be as
large as possible, and < should be as small as possible. Through continuous enumeration
and testing to achieve the most ideal parameter settings, the final parameter settings
obtained in this experiment are as follows: for the positioning work mode, C was set to
1000 and vy was set to 0.01; for the reversing work mode, C was set to 1000 and y was set to
0.02. The following is a discussion of the classification results with and without the ReliefF
algorithm for feature selection.

The features without the ReliefF algorithm for feature selection were used to train the
classifier (SVM). It was validated and tested using the testing set. When the testing set is
used for testing, the classification accuracy of the positioning work mode can reach 98% at
95 iterations. However, the classification accuracy of the reversing work mode was only
92% at 121 iterations. Furthermore, the number of total support vectors was 210 and 203,
respectively. The accuracy rate of the test results for each working state in the positioning
mode and the reversing mode can be shown in Figure 5. Figure 5 is the confusion matrix
demonstrating the tested results and accuracy rate for each state. It is noted that the
horizontal table header is for the predicted labels, and the vertical table header is for the
actual labels. The numbers in the confusion matrix of Figure 5 represent the number of
tests for the corresponding predicted labels. The figures following Figure 5 adhere to the
same format. It can be found from Figure 5 that, during the positioning work mode, the
classification accuracy of the other working states reaches above 0.96, except for the C-type
state with a lower classification accuracy of only 0.867. Moreover, during the reversing
work mode, the classification accuracy of the E-type state is only 0.733, and that of the
D-type state is also lower at only 0.867. The working states with a classification accuracy of
0.967 are of only four types. Therefore, although the classification accuracy of all features is
high in the positioning work mode, the classification accuracy of all features in the reversing
work mode is not satisfactory.

After the features with the ReliefF algorithm for feature selection (feature points whose
weight larger than 0 is reserved) are used to train the classifier (SVM), the classification
accuracy of positioning work mode can reach 98% at 64 iterations. However, the classifi-
cation accuracy of reversing work mode is only 95.6667% at 71 iterations. Furthermore,
the number of total support vectors is 222 and 229, respectively. The confusion matrices
and accuracy rates of the dimensionality reduction feature testing in both positioning and
reversing work modes are shown in Figure 6. Also, it can be seen from the figure that,
during the positioning work mode, the classification accuracy of the other working states
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reaches above 0.96, except for the C-type state with a lower classification accuracy of only
0.867. This is the same as that of the full-feature test results. Moreover, during the reversing
work mode, the classification accuracy of the E-type state is lower by only 0.767, but that
of the D-type state is improved to reach over 0.9 concerning the full-feature training. The
working states with a classification accuracy of 0.967 are of seven types. The accuracy of
classification of almost all types of action states improved. Therefore, for the positioning
work mode, there was no difference in testing results between the trained features with and
without the ReliefF algorithm, but the classification accuracy of dimensionality reduction
features increased significantly under the reversing work mode.
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Figure 5. Confusion matrix (CM) for full-feature testing. Noted: Red numbers denote the accuracy,
and the depth of color in the picture indicates the magnitude of the value. (a) Positioning work mode;
(b) reversing work mode.
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Figure 6. Confusion matrix (CM) for dimensionality reduction feature testing. Noted: Red numbers
denote the accuracy, and the depth of color in the picture indicates the magnitude of the value.
(a) Positioning work mode; (b) reversing work mode.

Furthermore, comparing the iterations of the full features, the iteration count for the
feature’s dimensionality reduction was markedly decreased. The iteration in the positioning
work mode reduced from 95 to 64, and that in the reversing work mode reduced from
121 to 71. This indicates that the feature dimensionality reduction effectively improves
the algorithm computing speed and classification efficiency. In addition, the number of
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total support vectors improved from 210 to 222 in the positioning work mode, and from
203 to 229 in the reversing work mode. Also, it can be demonstrated from Table 2 that the
performance metrics of the confusion matrix for the reverse mode all improved after using
feature selection, even though those for the positioning work mode remained unchanged.
This indicates that the classification hyperplane formed by SVM training is more and more
accurate, and can better identify the support vectors and classify them accurately after
feature selection of the ReliefF algorithm. In summary, the efficiency and accuracy of the
classifier can be significantly improved by the dimensionality reduction in the data through
feature extraction.

Table 2. The performance metrics of two confusion matrices.

Performance Metrics Positioning Work Mode Reversing Work Mode
Precision 0.98 0.92
Full feature Recall 0.98 0.92
F1-score 0.98 0.92
Precision 0.98 0.9567
Feature selection Recall 0.98 0.9567
Fl-score 0.98 0.9567

4. Conclusions

The existing methods are not conducive to collecting a large amount of data, and
they are also susceptible to interference from human factors. In this study, considering the
advantages of easy collection and contactlessness of sound signals, a sound-signal-based
fault diagnosis method for railway turnout switch machines named ERS was proposed.
According to the experiment results and comparisons, it can be concluded that EMD is
an efficient mean for preprocessing nonlinear and non-stationary sound signals. In ad-
dition, ReliefF is significantly beneficial for removing redundant features and improving
the diagnosis accuracy. Though the diagnosis effects are good on both positioning and
reversing work modes, their diagnosis accuracies differ a little, which is caused by the
asymmetric structure of switch machines. Overall, the ERS method achieved better perfor-
mance, holding significant potential for fault diagnosis in railway turnout switch machines.
However, some samples of Type E are easily identified as the other kinds of faults due to
the similarity of their features.

In the future, we will conduct studies to further improve the diagnosis accuracy of
each kind of fault. We plan to explore more advanced feature extraction techniques to
better discriminate between similar fault types. In addition, we will focus on addressing the
practical challenges of deploying our fault diagnosis method in real-world environments,
including optimizing sensor placement, enhancing noise resilience, and ensuring system
robustness against variations in sound source location and fault types, to facilitate broader
industrial applications.
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