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Abstract: The axle box bearing is one of the core rotating components in high-speed trains, having
served in complex working conditions for a long time. With the fault feature extraction of the vibration
signal, the noise interference caused by the interaction between the wheels and rails becomes apparent.
Especially when there is a shortwave defect in the rail, the interaction between wheels and rails will
produce high-amplitude impulse interference. To solve the problem of the collected vibration signals
of axle box bearings containing strong noise interference and high amplitude impact interference
caused by rail shortwave irregularities, this paper proposes a method based on pre-identification
via singular value decomposition technology to select the signals in sections and filter the noise,
followed by feature extraction and fault diagnosis. The method is used to analyze the axle box bearing
fault simulation signal and the weak fault signal collected by the railway bearing comprehensive
experimental platform, and these signals are then compared with the random screening signal and
the manual screening signal to verify the effectiveness of the method.

Keywords: axle box bearing; pre-identification; selection signal; singular value decomposition;
weak fault

1. Introduction

The axle box bearing is one of the core rotating parts of a high-speed train [1,2]. It
plays the role of support for the wheel’s rotation and bears the combined load of a series
of suspension and wheel pairs [3,4]. Axle box bearing performance affects the dynamic
performance of the entire system of a high speed train Once the axle box bearing is in
bad condition, its failure can have serious consequences, such as burning shaft or train
derailment or overturning, which can cause casualties and make maintenance difficult,
causing huge economic losses [5,6]. Therefore, the study of the state of monitoring methods
and fault diagnosis technology of the axle box bearing is helpful to make a more reason-
able maintenance plan, which can improve the safety and reliability of high-speed train
operation, avoid major accidents, and reduce economic losses [7-10].

Usually, the amount of data collected by the vibration acceleration sensor is relatively
large. When researchers get the signal collected by the vibration acceleration sensor, they
usually select 1 s or 2 s data from the initial position of data collection, or first observe the
time domain signal with the naked eye, focus on the vibration form and amplitude of the
signal, and then manually select 1 s or 2 s data of the collected data for analysis. Feature
extraction and fault diagnosis of bearing are carried out. For the fault diagnosis of ordinary
rolling bearings, this selection method may have little impact on the final results, but for
axle box bearings, when high-speed trains are running on rails with shortwave defects, the
data collected may include not only the fault impulse signal of bearings, but also the high
amplitude random impulse signal caused by the shortwave defects. The vibration noise
and environmental noise of axle box bearing are also collected by the sensor. How to extract
the fault features of bearings from the data with strong noise interference has always been
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a difficult problem in the field of fault diagnosis [11-14]. For the problem of strong noise
interference, [15] proposed a weighted combined envelope spectrum based on spectral
coherence. A new double cross-correlation algorithm for noise reduction was proposed
by [16]. Strong noise and other irrelevant interference will usually submerge the fault
characteristics of axle box bearings, which is particularly serious in the time domain. The
fault characteristics of axle box bearings can be easily extracted in the frequency domain
through the method of resonance demodulation. An adaptive boundary determination
method based on time delay peak (TDK) was proposed by [17]. The adaptive Kurtogram
(AK) method, which optimized the method of boundary division in the frequency domain
was proposed by [18]. However, the above methods also have shortcomings of low accuracy.
For this reason, ref. [19] proposed a variational mode decomposition method based on
parameter optimization, and [20] proposed an adaptive bearing fault diagnosis method
based on envelope spectrum kurtosis optimization. When the amplitude caused by railway
shortwave defects is very high, it accounts for a large proportion of signal energy, which
has a serious impact on the fault feature extraction of axle box bearings [21-23]. If the
above data selection method is used for analysis and identification, the final results of fault
feature extraction and fault diagnosis will not be ideal.

The vibration amplitude of the axle box bearing changes with the change of speed,
showing a monotonous increasing trend. Moreover, the axle box bearing has a strong
impulse at low speeds and strong cyclostationarity at high speeds [24-26]. Based on the
above analysis, in order to reduce the influence of high amplitude impulse interference
caused by railway shortwave defects on fault feature extraction of axle box bearings, fault
feature extraction ability of algorithm must be improved [27,28]. In this paper, a method of
weak fault feature extraction of axle box bearings based on pre-identification via singular
value decomposition (SVD) is proposed. The process of pre-identification via singular
value decomposition is shown in Figure 1. First, segment the signal by seconds, calculate
the kurtosis value of each segment of the signal, arrange the signal segments according
to the kurtosis value from large to small, and screen the signal segment with the smallest
kurtosis value. Then, construct a Hankel matrix, use the singular value decomposition
algorithm to select the maximum component of the singular value difference spectrum
for noise reduction, and calculate the envelope spectrum of the noise reduction signal to
diagnose the bearing fault.
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Figure 1. A flow chart of the algorithm for pre-identifying singular value decomposition.
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The organizational structure of the rest of this paper is as follows. Section 2 introduces
the pre-identifying singular value decomposition method. Section 3 shows the simulation
analysis and experimental validation. Section 4 is the discussion part. Conclusions are
drawn in Section 5.

2. Pre-Identifying Singular Value Decomposition Method
2.1. Failure Characteristic Frequency of Axle Box Bearings

Generally, the vibration attenuation signal caused by the fault of axle box bearings can
be constructed by a mathematical description. Generally, the fault signal of the bearing
is simulated by the combination of an exponential function and sine function, that is, the
vibration attenuation signal. When a rolling bearing fails, its fault diagnosis is mostly
based on the bearing parameters and speed information, and then the fault characteristic
frequency is calculated by a mathematical formula, such as Formula (1). Then, the advanced
signal processing technology is used to filter the noise and extract the characteristics. Finally,
the results containing frequency domain information are analyzed and diagnosed by
comparing the fault characteristic frequency calculated by the mathematical formula [29].

Rotation frequency  f; = v;,/60

Fault frequency of inner f; = %2(1 + % cos &) fa
Fault frequency of outer f, = 1z(1— 4 cosa)f, M)
Fault frequency of roller f, = 1(1 — %22 cos?a) B f,

In the formula, v}, represents the rotational speed of the bearing, D is the diameter
of the bearing, d is the rolling diameter, z is the number of rolling bodies, « is the contact
angle, and fa represents the rotation.

At present, the axle box bearings used by different types of high-speed trains are
also different. The axle box bearings in service are basically SKF bearings from Sweden,
FAG bearings from Germany, and NSK and NTN bearings from Japan. This section
mainly analyzes and introduces the axle box bearing of Germany’s FAG; the model is F-80
781 109 TAROL, and the specific bearing parameters are an outer diameter of 240 mm,
an inner diameter of 130 mm, a pitch diameter of 185 mm, a roller diameter of 26.5 mm,
17 rollers, and a 10 degree pressure angle. As shown in Figure 2, the single fault of the axle
box bearing includes outer ring fault, inner ring fault, and rolling element fault. Through
the known bearing parameter information and the above Formula (1), the characteristic
frequency of axle box bearing fault at different speed levels can be calculated. As shown in
Figure 3, all single fault characteristic frequencies increase monotonously with the increase
of speed.

The axle box bearing fault characteristic frequency is calculated as above, and the
impulse oscillation failure signal is obtained by the product of an exponential function
and a sinusoidal function, such as Equation (2). With two speed levels, respectively, the
outer ring fault characteristic frequency at 200 r/min is 24.3 Hz, and the outer ring fault
characteristic frequency at 2100 r/min is 255.5 Hz, as shown in Figure 4.

x(t) = Y, Ave ™M sin[(27efo) (t — iT — )], @

In the formula, x(t) indicates the impulse fault signal, f; indicates the natural fre-
quency of the bearing, A represents the damping of the system, T represents the fault
period, and T, represents the random sliding of the rolling body.

Due to the random sliding of the rolling element, the performance of the bearing
fault impact signal in the time domain is not strictly a periodic signal, with periodic
time-varying characteristics, non-stationary characteristics, and a cyclostationary signal.
Therefore, after the bearing fault occurs, the performance in the time domain has impact
and cyclostationarity. Through the above calculation formula of bearing fault characteristic
frequency, combined with the simulation in Figure 4 generated by the bearing parameter
information of Schaeffler (FAG), it can be found that when the bearing is rotating at low
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speed, the impact is stronger in the time domain; that is, the impact signal generated is
sparse, as shown in Figure 4a, and the spectral line signal in the envelope spectrum is
dense, as shown in Figure 4c. When the bearing is in high-speed rotating motion, the
cyclostationarity is stronger in the time domain, and the impact signal is denser, as shown
in Figure 4b. The spectral lines in the envelope spectrum are sparse, as shown in Figure 4d.

(c) (d)

Figure 2. Schematic diagram of axle box bearing: (a) schematic diagram of normal Bearing;

(b) schematic diagram of outer ring fault bearing; (c) schematic diagram of inner ring fault bearing;
(d) schematic diagram of roller fault bearing.
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Figure 3. Failure characteristic frequency of axle box bearings at different rotational speeds.
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Figure 4. Fault characteristic frequency of axle box bearing at different speeds: (a) time domain
diagram of outer ring fault characteristic frequency of 24.3 Hz; (b) time domain diagram of outer
ring fault characteristic frequency of 255.5 Hz; (c) envelope spectrum of outer ring fault characteristic
frequency of 24.3 Hz; (d) envelope spectrum of outer ring fault characteristic frequency of 255.5 Hz.

2.2. Singular Value Decomposition Theory

Singular value decomposition is a matrix decomposition method in linear algebra,
which is widely used in signal processing and fault diagnosis. This method has an early
origin [30]. The industry recognized its origin in 1873 and 1874. At first, it was the singular
value decomposition of the real square matrix. Later, through development, it extended
the singular value decomposition to the complex square matrix, and then further extended
the singular value decomposition to the general complex matrix. The definition of singular
value decomposition is that for a real matrix X € R"*¥, there must be orthogonal matrix
U € R™™ and orthogonal matrices V € R¥*, so that the following formula holds:

X =uzvT, 3)

where U € R"™*" and V € RF*¥ are left and right singular vector matrices of the matrix.
Y = [diag(coy, 09, - -, ch)] € Ryxn is a diagonal matrix, where p = min(m, n) and diagonal
elements are singular values of matrix X, satisfying o1 > 0 > --- > ¢, > 0. By using
singular values and left and right singular vectors, the matrix X can be expressed as follows:

Xm = o p1v1 + 0oV + ...+ O Vim, 4)
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The specific process of singular value decomposition is shown in Figure 5. For one-
dimensional vibration signal X = [x1, xp, - - - x5, the one-dimensional vibration signal must
be converted into a matrix before singular value decomposition can be carried out [31,32].
At present, there are two ways to transform the matrix. The first is to construct a Hankel
matrix, as shown in Figure 5, where m is the embedded dimension of the matrix, and
m +1 —1 = N. The other is to construct the matrix by periodic truncation. As shown in
Formula (5), t is the truncation period, and kt < N.

x(1) x(t+1) -+ x((k=1)t+1)
o x(.2) x(t?I—Z) x((k—I)t—I—Z) ’ )
() x(26) x(kt)

One-dimensional SC | {, ||
X, T

I

| I

| I

| I
I

| j —

| Matrix

I

I

I

I

I

transformation I
I
x(1) x2) - x() |
X, = x(.2) x(.3) x(l.+1) |
: : . : |
+1) - N
L xeed e |

Figure 5. Schematic diagram of the singular value decomposition process.

Using periodic truncation to construct the matrix will result in an error accumulation,
which will increase with the number of columns of the matrix, that is, the number of cycles,
so it will affect the final diagnosis result. Singular value decomposition is carried out by
constructing Hankel matrix. Although the periodic vibration and noise in the vibration
signal can be well separated, according to the signal characteristics of the axle box bearing,
this method has the following problems.

During the service process of axle box bearing, the operating conditions are complex,
and the vibration signal does not contain strong noise interference. When the track has
shortwave defects and the train runs at high speeds, a large impulse will be formed between
the wheel and rail, which is reflected in the time domain signal as a high amplitude
impulse interference with large energy. At this time, the effective rank screening based on
Hankel matrix cannot effectively identify the impulse interference and the impulse caused
by bearing fault, which will affect the final diagnosis results. Based on this, this study
proposes a method based on pre-identifying singular value decomposition to filter the high
amplitude impulse caused by rail shortwave irregularity in the time domain signal.

2.3. Pre-Identification of Singular Value Decomposition

Generally, the amount of data collected by the vibration acceleration sensor is relatively
large. When researchers get the signal collected by the vibration acceleration sensor, they
usually select 1 s or 2 s data from the initial position of data collection, or first observe
the time domain signal with the naked eye, focus on the vibration form and amplitude
of the signal, and then manually select 1 s or 2 s data of the collected data for analysis.
Feature extraction and fault diagnosis of bearing are carried out. For the fault diagnosis
of ordinary rolling bearings, this selection method may have little impact on the final
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results, but, for axle box bearings, when high-speed trains are running on rails with
shortwave defects, the data collected may include not only the fault impulse signal of
the bearings, but also the high amplitude random impulse signal caused by shortwave
defects. The vibration noise and the environmental noise is also collected by the sensor. If
the above data selection method is used for analysis and identification, the final result of
singular value decomposition will still contain high amplitude impulse, affecting the final
diagnosis effect.

Kurtosis index is a dimensionless statistical index, which is an effective way to describe
the peak shape of the waveform in the vibration signal [33,34]. It is sensitive to the impulse
signal generated by the fault of rotating parts, so it is used by many scholars as the
evaluation index for early fault diagnosis of bearing surface damage. However, with the
increase of axle box bearing speeds, the repetitive transient impulse generated by bearing
faults becomes more and more intensive in the time domain, and the cyclostationarity of
vibration signal becomes stronger and stronger [35]. At this time, the kurtosis index is not
sensitive to the cyclostationarity signal, but when there is a high amplitude impulse caused
by rail shortwave defects in the signal, the kurtosis index is very sensitive to this single or
a few high amplitude transient impulses; showing very good performance, kurtosis values
are usually large. The calculation formula is as follows:

_ E(x—p)*
K = - (6)

where y is the mean value of signal x, and ¢ is the standard deviation of signal x.

According to Figure 3, the rotation frequency of the axle box bearing at each speed and
the formula for generating the simulation signal of the axle box bearing in Equation (2), the
kurtosis value of the simulation signal of the axle box bearing outer ring at different speeds
is calculated, as shown in the following Table 1:

Table 1. Bearing simulation signal cliff at different speeds.

Speed/(r/min)

200

300 600 900 1200 1500 1800 2100

Kurtosis

21.824

14.545 7.276 4.887 3.722 3.052 2.642 2.322

According to the characteristics of the above kurtosis index and the kurtosis value
calculated from the bearing simulation signal, the kurtosis value characterizing the bearing
impulse characteristics becomes smaller and smaller with the increase in speed, which
is just opposite to the increasing trend of the wheel rail impulse amplitude caused by
the rail shortwave defects, and the kurtosis index is extremely sensitive to such high
amplitude impulse. Therefore, when the axle box bearing is running at a high speed, as
long as the kurtosis value is minimum, it can not only find the signal segment representing
the cyclostationarity of bearing fault impulse, but also avoid the interference of high
amplitude impulse.

Therefore, according to the running speed of the bearing, when the speed is greater
than 900 r/min, it is determined that the signal has a stronger cyclostationarity. This
paper proposes a method to pre-identify the signal segment with kurtosis index in the time
domain and select the minimum kurtosis value signal segment, so that the high amplitude
impulse caused by rail shortwave defects can be automatically discharged, and then the
signal segment where it is located will not be used as the data analysis signal to find the
signal segment representing the bearing cyclostationarity. This can also solve the problem
that the singular value decomposition method based on Hankel matrix cannot effectively
identify the high amplitude impulse interference and the impulse caused by the bearing
fault, when screening the effective ranks.

The pseudo-code for pre-identification is shown in Algorithm 1.
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Algorithm 1 Pre-identification

Inputs: X-input data

1: Segment Xin seconds X; (i=1,2,3,... t)

2:Fori=1totdo

3 K;<kurtosis (X;)

4: end for

5: Sort K; from small to large

6: if the bearing speed >900 r/min

7 return the signal segment with the smallest kurtosis value
8: else

9: return the signal segment with the kurtosis value in the middle
10: end if

Output: Xj

The specific algorithm is as follows:

First, segment the collected signal by seconds, then calculate the kurtosis value of each
segment signal, and arrange the kurtosis value from small to large. When the bearing speed
is greater than or equal to 900 r/min, the signal with strong cyclostationarity is selected
as the signal segment with the smallest kurtosis value. When the bearing speed is less
than 900 r/min, the signal with a strong impulse is selected as the signal segment with the
kurtosis value in the middle.

Then, a Hankel matrix is constructed for the selected signal segment, and singular
value decomposition is performed. The parity of the embedding dimension is deter-
mined, as the signal segment length N is (N + 1) /2 or N/2. The effective rank is selected
according to the location of the maximum value of the singular value difference spec-
trum. If the singular value sequence is {cy, 09, ...,0;}, and its corresponding difference
sequence is C = 0; — 01, then the new sequence composed of {C} is the singular value
difference spectrum.

Finally, the envelope spectrum of the new noise reduction signal is calculated, and its
fault diagnosis is carried out in the envelope spectrum.

3. Simulation Analysis and Experimental Validation
3.1. Simulation Analysis Based on the Formula

To verify the effectiveness of the algorithm, first construct a simulation signal through
Formula (7), as shown in Figure 6. This includes repetitive transient impulse caused by
bearing failure, high amplitude impulse interference caused by rail short wave defects, and
Gaussian white noise.

x(t) = Ty Age M sin[(27tfo) (t —iT — 7]
51(t) = 16.8(e ~**%sin(2 71 x 7900¢t))
52(t) = 26.8(e *¥sin(2 7 x 7900¢t)) , @)
3(t) = 29.8(e *sin(271 x 7900t))

t

t
y(t) = x(t) +61(t) + d2(t) +d3(t) +n(t)

where x(t) represents the impulse fault signal, J(t) represents a single high amplitude
impulse, and n(t) represents Gaussian white noise. Set the sampling frequency to 25,600 Hz,
the sampling time to 10 s, and the attenuation rate A to 550. The bearing fault characteristic
frequency is 50 Hz, and the simulation signal is as shown in the figure below, where T is
the random sliding of the rolling element set at 2% of the fault cycle. Ay is the amplitude of
bearing fault impulse, which is set as random distribution, with a range of 1.32~1.72. n(t)
is Gaussian white noise, and the signal-to-noise ratio is —10 dB.
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Figure 6. Simulation signal: (a) outer circle fault signal; (b) high-amplitude impulse interference

caused by rail shortwave defects; (c) synthetic signal.

Envelope demodulation is one of the most commonly used methods for fault diagnosis.
First, envelope demodulation analysis is carried out on the 10 s clock data collected,
as shown in Figure 7. From the envelope spectrum, it can be seen that near the fault
characteristic frequency, the spectral line is wrapped by other interference frequencies, and
the octave spectral line is not very clear. The envelope spectrum is seriously interfered with
by noise and high amplitude impulse.

g 0.01
2
Q0.00S i
<
O L L L L L L | |
0 50 100 150 200 250 300 350 400 450 500
Frequency(Hz)

Figure 7. The envelope spectra of the simulated signals.

Then, a Hankel matrix is constructed by using the 10 s full signal segment, and
noise is reduced by singular value decomposition. The noise reduction signal is shown
in Figure 8. Although the amplitude has decreased, the impulses of three high amplitude
signals are more obvious. Then, the envelope spectrum of the noise reduction signal is
solved, as shown in Figure 9. Although fault characteristic frequency and the first three
order octaves can be found in the envelope spectrum, the clutter interference is still very
serious. In addition, the Hankel matrix is constructed with a full signal for singular value
decomposition, which is inefficient. The model of the central processing unit used is Intel



Machines 2022, 10, 1213

10 0of 18

(R) Core (TM) i7-7700CPU@3.6 GHz, with a memory capacity of 16 G. The operating system
is Windows 10, and the calculation software is MATLAB 2014a. In such a configuration
environment, run for 2488.74 s before calculating the results.

50
(]
s
=]
= 0
2,
g
<
_50 | | | | | | | | |
0 1 2 3 4 5 6 7 8 9 10
Time(s)
Figure 8. Singular value decomposition for noise reduction of Hankel matrix constructed by
full signal.
0.03

e
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e}

Amplitude
S
=

O |
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0 50 100 150 200 250 300 350 400 450 500

Frequency(Hz)

Figure 9. Singular value decomposition of Hankel matrix constructed by full signal to reduce the
envelope spectrum of noise signals.

In general, the amount of data obtained by the vibration acceleration sensor is large,
and the whole signal segment is analyzed and processed with low efficiency. When experts
and scholars get the data, a small part of them will randomly select 1-2 s of data for
fault diagnosis. Most scholars will conduct visual identification, and then manually select
a segment of data for analysis and processing to determine whether the bearing is faulty.
Next, select a segment of signal at random, as shown in Figures 9 and 10. If the data
segment containing large amplitude impulse interference caused by rail shortwave disease
is selected, the diagnosis result will be seriously affected, and the fault characteristic
frequency can hardly be found in the envelope spectrum. The diagnosis is invalid. Then,
identify the time domain signal with the naked eye, and select a new number segment from
which seems is ideal for analysis, as shown in Figures 11 and 12. The noise reduction signal
can observe the impulse characteristics caused by the bearing fault in the time domain.
In the envelope spectrum, you can clearly find the 1st, 2nd, 3rd, 5th, 6th, and 7th octaves
of the fault frequency, but the 4th octave is not obvious, as shown in the red dotted box
position in Figure 13. In addition, there is an interference frequency with high amplitude
between the 3rd and 4th order octaves.

50
2
2
2 0 4
g T
<

_50 1 | | | | | | 1 |

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time(s)

Figure 10. Signal segment with random value at 7 s to construct singular value decomposition noise
reduction signal of Hankel matrix.
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Figure 11. Signal segment with random value at 7 s to construct singular value decomposition of
Hankel matrix to reduce envelope spectrum of noise signal.
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Figure 12. Manual selection of the signal segment of 2 s to construct the singular value decomposition
and noise reduction signal of the Hankel matrix.
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Figure 13. Manual selection of the signal segment at 2 s to construct the envelope spectrum of the
noise reduction signal of the Hankel matrix.

The proposed algorithm is used to diagnose the generated simulation signal. First,
the kurtosis value of the segmented signal is determined, as shown in Table 2. It can be
concluded that the kurtosis value is the lowest at the sixth second. Therefore, the signal
segment at the sixth second is selected for further processing and analysis, as shown in
Figure 14. From the time domain, it can be seen that there is no high amplitude impulse
interference caused by rail shortwave defects in this signal segment. By constructing the
Hankel matrix, the embedded dimension selects 1/2 of the signal length, and uses singular
value decomposition to reduce noise. The effective rank is based on the location of the
maximum value of the singular value difference spectrum. The noise reduction signal is
shown in Figure 15. The envelope spectrum of the noise reduction signal is calculated.
It can be found in the envelope spectrum that the first eight octaves of the bearing fault
frequency are clearly visible, as shown in Figure 16.

Table 2. The kurtosis values of segment signals.

3 4 5 6 7 8 9 10

3.023 3.032 10.711 2.948 47.08 2.981 2.999 2.991
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Figure 14. Time domain diagram of the selected signal segments of this algorithm.
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Figure 15. Noise reduction diagram of the signal segments selected by this algorithm.
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Figure 16. Noise-reducing envelope spectrum diagram of the signal segments selected by
this algorithm.

To sum up, this algorithm combines the fault impulse characteristics of the axle box
bearing itself, takes into account the large wheel-rail impulse interference and strong back-
ground noise interference caused by rail shortwave defects in the operating conditions, and
proposes pre-identification via singular value decomposition noise reduction processing,
which is simple and effective for the high amplitude impulse caused by rail shortwave
defects or other large amplitude abnormal data in the time domain. Compared with using
the whole signal segment to construct a Hankel matrix for singular value decomposition
noise reduction, this method has higher efficiency and better noise reduction effect, and is
more stable and reliable than the random selection signal or manual selection signal.

3.2. Data Validation Based on the Railway Bearing Comprehensive Test Bench

The above verified the simulation signal. Generally, the simulation signal is more ideal
than the experimental signal. In order to further verify the effectiveness of the proposed
method, this paper selects the railway bearing comprehensive experimental platform for
experimental verification. The specific structure of the railway bearing comprehensive test
bed is shown in Figure 17. The servo motor is connected with the optical shaft through
a coupling. There are two support bearings and a test bearing on the optical shaft. The
vertical and axial test bearings have two actuators to simulate the load conditions of the axle
box bearing during actual operation. The driving mode of the test bed is motor driving, and
the maximum running speed can reach 500 km/h, which is equivalent to a shaft speed of
3000 r/min. During the running process, vertical and axial loads can be carried out through
manual adjustment mode, pre-compiled load spectrum mode, or road spectrum input
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mode. The maximum vertical load under high-speed operation is 10 t, and the maximum
axial load is 4 t.

Support bearing Radial load
Sensor

Coupling

O

Axial load
Test
bearing

YL/

Figure 17. Schematic diagram of railway bearing comprehensive experimental bench.

The tested axle box bearing is FAG F-80781109 from Germany, and it comes from
a real service bearing. After 2.4 million kilometers of operation, the outer ring of the axle
box bearing was artificially processed by electric spark technology, and a fault area of
5 mm long, 1 mm wide, and 0.7 mm deep was machined. As shown in Figure 18, this
fault area is classified as a weak fault according to the classification proposed in this paper.
The sampling frequency of the acquisition equipment is set to 51,200 Hz; the sampling
time is 60 s; the rotational speed of the test condition is set to 1200 r/min, 1500 r/min,
1800 r/min, and2100 r/min; and the loading mode is set to three modes: no load, fixed
load, and dynamic load. The fixed load applies 8.5 t vertically, 5 t axially; the variable load
applies 8 t vertically, 4 t axially, and the load frequency is 0.2-20 Hz.

Figure 18. Weak fault morphology and the dimension of the outer ring of the axle box bearing.

By selecting one of the above experimental conditions, namely 1800 r/min rotating
speed and no-load experimental conditions, the performance of the pre-identification via
singular value decomposition algorithm is verified. The time domain diagram of the
collected vibration signal is shown in Figure 19. According to the bearing fault frequency
calculated at the above different speeds, in view of the disadvantage of full signal section
comparison in the above simulation signals, the experimental signals are mainly compared
with the random selection and the manual visual selection.
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Figure 19. Time domain vibration signal of axle box bearing.

First, a segment of signals for comparison is selected in a random way, and the signal
segment randomly selected by the computer is located at the position of 15 s. It can be seen
from the time domain of the signal that the amplitude of this segment of signal fluctuates
greatly, as shown in Figure 20, which will inevitably affect the fault diagnosis of the bearing.
Through the construction of the Hankel matrix and the singular value decomposition noise
reduction processing, although the amplitude of the vibration signal after noise reduction
is reduced, as shown in Figure 21, it is difficult to find the fault characteristic frequency of

the bearing in the envelope spectrum, as shown in Figure 22.
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Figure 20. Time domain map of the randomly selected signal segment.
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Figure 21. Noise reduction diagram of the randomly selected signal segment.
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Figure 22. The envelope spectrum map of the randomly selected signal segments.

Next, through visual observation of the vibration form of the signal, a segment of the
signal is manually selected for comparison. In the visual identification of the full signal
segment, the amplitude fluctuation of the 55 s data position signal is relatively gentle,
which conforms to the relatively good signal observed by the naked eye. The time domain
waveform is shown in Figure 23. After the singular value decomposition noise reduction
processing, as shown in Figure 24, the envelope spectrum is calculated. As shown in
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Figure 25, the amplitude of the fundamental frequency of the fault characteristic frequency
in the envelope spectrum is low. It is interfered with by an unrelated frequency with high

amplitude, and the second harmonic generation is relatively clear.
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Figure 23. Time domain diagram of the manually selected signal segment.
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Figure 24. Noise reduction diagram of the manually selected signal segment.
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Figure 25. Noise-reducing envelope spectrum diagram of the manually selected signal segments.

Finally, the proposed method is used to screen the signal segment to be analyzed. As
shown in Figure 26, the amplitude of the time domain vibration waveform is relatively
stable. The Hankel matrix is constructed, and singular value decomposition is performed
for noise reduction. The noise reduction signal is reconstructed by the inverse diagonal
average method. As shown in Figure 27, the vibration amplitude is reduced by about one
time, and envelope spectrum analysis is performed on it. As shown in Figure 28, although
there are interference frequencies near the fault frequency, the first three times of the fault

characteristic frequency can be clearly found.
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Figure 26. Time domain diagram of the signal segment selected by the algorithm in this paper.
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Figure 27. Noise reduction diagram of the signal segment selected by the algorithm in this paper.
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Figure 28. The noise reduction envelope spectrum of the signal segment selected by the algorithm in
this paper.

4. Discussion

The proposed method in this paper provides an idea for data selection and filtering
noise reduction for axle box bearing fault diagnosis, and has a good effect in most cases, but
it still fails to collect vibration signals under some extreme conditions. For example, when
the train runs on a section of track with intensive shortwave defects, the high amplitude
impulse of the collected vibration signals will become intensive. This may lead to a failure
to select high-quality signal segments after the pre-identification signal, and subsequent
diagnosis is still difficult.

5. Conclusions

In the process of high-speed train operation, when there are shortwave defects on the
track, it will cause a large amplitude wheel-rail impulse in the collected vibration signal,
which will interfere with the fault diagnosis. In this study, a pre-identifying singular value
decomposition algorithm is proposed. According to the characteristics of time domain
signals that are cyclostationary and strong during the high-speed operation of axle box
bearings, a method is proposed to use the kurtosis index to be sensitive to a single impulse.
The signal is segmented by seconds, and the kurtosis index of each signal segment is
calculated separately. Then, the kurtosis index is arranged in order from small to large, and
the signal segment corresponding to the minimum kurtosis value is selected. Then a Hankel
matrix is constructed, and the Hankel matrix is denoised by singular value decomposition.
Finally, the denoised Hankel matrix is reconstructed according to the inverse diagonal
average method.

This method can successfully avoid the high amplitude impulse interference in the
vibration signal, and avoid the tedious process of identifying and filtering the vibration
signal through prior knowledge in the post-processing process. In addition, this method
carries out pre-identification in the time domain, replacing the shortcomings of manual
selection of signal segments, and can select signal segments that can better characterize the
bearing’s cyclostationarity, which is simple and easy to implement. Especially when the
bearing has a weak fault and the fault characteristics are submerged, the signal segment
excluding high amplitude impulse is screened out, which is more conducive to fault feature
extraction of bearings.
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