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Abstract: Due to the non-contact measurement characteristics of trackside acoustic technology, it is 

now utilized for train bearing fault diagnosis. However, the relative motion between the train and 

the trackside acoustic detection device introduces Doppler aberration in the collected acoustic 

signal, which affects bearing fault diagnosis. Moreover, when a fault occurs in the train bearing, its 

acoustic signal exhibits cyclic smoothness characteristics that can be effectively analyzed using the 

cyclic smoothness method for more accurate judgment. In order to minimize diagnostic errors and 

enhance accuracy in bearing fault diagnosis, this study integrates bearing fault characteristics with 

Doppler aberration correction methods and cyclic smoothness techniques for current-stage bearings 

diagnostics. The overall time-domain graph becomes more compact with an approximately 50% 

increase in amplitude after correction compared to pre-correction values; other parameters 

experience enhancements ranging from 20-60%. These results validate the feasibility of our 

proposed approach and establish a framework for conducting bearing fault diagnosis based on 

cyclically smoothed Doppler aberration correction. 

Keywords: trackside acoustics; Doppler distortion; cyclostationary 

 

1. Introduction 

During train operation, the bearings, bogies, gearboxes, and other vehicle components are 

subjected to prolonged heavy load conditions. The structural integrity of these parts is susceptible to 

changes that can lead to fatigue, cracks, wear, indentation, and fractures on their surfaces. These failures 

pose a significant threat to long-term safety and stability while also triggering a series of safety accidents 

[1]. Amongst these numerous components, the bearing plays a crucial role; therefore, accurate 

identification of its condition and effective fault diagnosis become imperative [2]. 

In the 1980s, the United States initiated research on train fault detection and diagnosis systems. 

The team of technical experts developed a roadside acoustic diagnostic system [3], with a focus on 

train bearings. Initially, independent microphones were employed to collect signals from rolling 

bearings, which were then analyzed by a mainframe computer to derive corresponding diagnostic 

results [4]. In 1990, the research unit further optimized sensor equipment and implemented a 

microphone array system for high-precision signal acquisition. Subsequently, through optimization 

efforts, the system evolved into a practical Trackside Acoustic Detector System (TADS) for track 

acoustic detection. This upgraded version incorporated advanced algorithms like neural networks to 

significantly enhance the accuracy of diagnostic results, achieving an impressive precision rate of 

97.0% [5,6]. In 1991, the Australian company Vipac Engineers Scientists Ltd. initiated a significant 

increase in resources dedicated to researching acoustic monitoring and judgment control systems for 

train bearings. Eventually, in the late 1990s, they successfully developed a bearing acoustic diagnostic 

system known as Railway Acoustic Monitoring System (Rail BAM). This system employs sensor 

arrays to effectively capture acoustic signals from moving trains. Subsequently, through computer-

based logical analysis, early fault diagnosis reports of the trains can be generated. Furthermore, it 

possesses robust self-testing capabilities and has greatly enhanced stability [7,8]. 
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Due to the non-contact measurement characteristics of rail-side acoustic technology, this 

technology is currently employed for fault diagnosis of train bearings [9]. However, the relative 

motion between the detection equipment and the fault sound source during the detection process 

leads to Doppler aberration phenomenon in acquired acoustic signals, which adversely affects 

bearing fault identification and diagnosis. Although various methods such as the energy center of 

gravity method [10], the adaptive correction method [11], and the Morse acoustic theory have been 

developed to correct the Doppler aberration phenomenon [12], they are unable to handle non-smooth 

characteristics exhibited by trackside acoustic signals from train bearings in complex fault situations. 

In such cases, analysis using the cyclic smoothing method becomes necessary for a more effective 

judgment [13]. The Cyclostationary signal analysis method is employed for analyzing signals 

exhibiting cyclostationary characteristics. W.R. Bennett introduced the concept of “Cyclostationary 

(CS: Cyclostationary)” [14], and since then, the theory of cyclostationarity has witnessed significant 

advancements. W.A. Gardner initially proposed the correlation properties of cyclostationary signals 

[15]. The advancement of research has led to the incorporation of spectral correlation theory into the 

analysis of cyclic smooth signals, thereby establishing detection techniques and theoretical 

foundations based on methods for cyclic smooth analysis [16]. 

Bonnardot Frédéric et al. decomposed the cyclic smooth characteristic of vibration signals into 

three components: periodic component [17], second-order cyclic smooth component, and noise. They 

proposed a set of filtering methods to decompose the second-order cyclic smooth component. Leonardi 

Riccardo et al. integrated the theories of cyclic smoothness and wavelet analysis [18], and introduced a 

3D wavelet-based method for cyclic analysis.D.Hanson et al. combined cepstrum with the concept of 

cyclic cepstrum, applying it to modal analysis parameter identification through cyclic smooth analysis 

[19]. Roger Boustany presented a blind source separation method based on cyclically smooth signals 

[20]. P.Borghesani et al. incorporated envelopment spectral analysis to propose a method for analyzing 

envelopment signals based on second-order cyclical smoothing [21].Urbanek Jacek employed a time-

frequency analysis method and effectively isolated the second-order cyclically smooth component in 

the domain of time-frequency analysis [22]. These approaches integrate the principles of cyclic 

smoothness with theories and analytical methods from diverse fields, thereby broadening the scope of 

application for cyclic smooth analysis in various domains. 

The characteristics of bearing fault signals, the Doppler aberration correction algorithm, and the 

advantages of the cyclic smooth analysis method are re-deduced and calculated in this paper. They 

are then organically combined to propose a novel bearing fault diagnosis method: the fault diagnosis 

method based on cyclic smooth Doppler aberration correction. 

2. Doppler distortion correction of rolling bearing fault signals 

2.1. Rolling bearing failure sound source motion model 

The bearing fault sound source motion model is established based on the positional relationship 

between the trackside bearing and the acquisition device, as depicted in Figure 1. The bearing fault 

sound source undergoes a uniform linear motion from left to right, while simultaneously performing 

rotational motion along the vertical horizontal plane. he motion trajectory of the faulty sound source 

S is depicted in the figure, where the horizontal distance of the motion path is X. The faulty bearing 

source moves with a uniform linear velocity v in the horizontal direction and rotates around the axis 

with an angular velocity w in the vertical-horizontal direction. Using point A as the initial reference, 

the motion is executed along the trajectory depicted in the diagram. Upon reaching point B, consider 

it as the precise location of the faulty sound source at a specific moment. Define Y(B) as the distance 

between the faulty sound source and the collecting device. Map this faulty sound source to point E 

on the horizontal plane, with Re(E) representing its distance from the collecting device. θ denotes the 

angle formed between Re(B), which represents horizontal motion trajectory, and Re(E). C refers to 

closest proximity of collecting device to faulty sound source, while r signifies their respective 

distance. When the faulty sound source reaches point D, the distance from the faulty sound source to 

the collecting device is denoted as Re(D), and c represents the speed of sound propagation in air 
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(where M=v/c denotes Mach number). Given that the train’s velocity is significantly lower than the 

speed of sound propagation in air, this paper solely focuses on addressing issues related to subsonic 

motion of the faulty sound source, i.e., when M < 1 [23]. 

 

Figure 1. Bearing failure sound source motion model. 

The faulty sound source undergoes circular motion around the axis of rotation. After a certain 

angle of rotation, the new coordinates of the faulty sound source (0,2R1) are represented as (x,y). The 

geometric relationship between the fault sound source and the acquisition device is derived from the 

following equation through relevant theoretical knowledge, calculation, and analysis. 

1x v t= ⋅  (1) 

1 sinx R tω= − ⋅  (2) 

1 1 cosy R R tω= + ⋅  (3) 

1 cosxv R tω ω= ⋅ ⋅  (4) 

2 2
1[( ) ( ) ( 1) ]e xR r x x v v i t= + + − + ⋅ − ⋅  (5) 

2 2
1 eR R y= +  (6) 

2.2. Analysis of the causes of Doppler aberrations in rolling bearings 

The derived equation for the geometric relationship obtained from the above analysis leads to 

the conclusion that the distance between the acquisition device and the bearing fault sound source 

exhibits a non-linear variation over time. The signal received by the microphone from the bearing 

fault sound source undergoes nonlinear changes. Consequently, the acquisition device also captures 

the bearing fault sound source signal with non-linear variations. However, due to the equal time 

intervals at which the acquisition device collects the signal, a linear relationship is established during 

acquisition [24]. The sound source of the bearing fault undergoes a displacement in the vertical-

horizontal plane during its propagation. Therefore, it is necessary to consider this displacement when 

determining the distance between the bearing fault sound source and the acquisition device. As a 

result, we express this distance as formula (6). The acquisition device captures the bearing fault signal 

with a time delay phenomenon, which is represented by equation (7), while equation (8) illustrates 

the temporal sequence of receiving this signal. 
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11
i

R
dt

c
=  (7) 

( 1)i iT i i dt= − ⋅ +  (8) 

The modeling process reveals a non-linear variation in the distance between the acquisition 

device and the bearing fault sound source, resulting in discrepancies in the sound pressure values of 

the acquired sound signals. Therefore, considering this as our theoretical foundation, we assume that 

the bearing fault sound source is a monopole point source, exhibiting uniform linear motion in the 

horizontal direction and rotational motion within its plane. Additionally, assuming an amplitude 

denoted by q representing the total mass flow rate emitted from the sound source s, we can express 

the distribution density of this point source as follows: 

( , ) ( ) ( ) ( ) ( )Q r t q t x vt y zδ δ δ= −


 (9) 

The fluctuation equation for the sound field can be expressed as follows [25]. 

2
2

2
1 ( ) ( )( )P

P q t y z
c t t

δ
∂ ∂

∇ − =
∂ ∂

 (10) 

The equation for the sound pressure of a bearing fault source received by the collecting device 

is derived based on the aforementioned equations and geometric relationships: 

'

2 2

( ) [ ](cos )

4 (1 cos ) 4 (1 cos )

R R
q t q t M

c cP
R M R M

θ

π θ π θ

− − −

= +
− −

 (11) 

The equation (11) illustrates the variation in sound pressure of the bearing fault sound source 

during operation. This study focuses on trackside acoustic signals from wheel bearing faults, 

assuming that the train’s speed relative to the sound speed is negligible and thus does not affect it. 

Consequently, in the sound pressure formula, the second term can be disregarded as its impact on 

calculation results is minimal. For convenience, it is omitted here. By considering the correlation 

between the bearing fault sound source and collection device obtained from previous analysis, along 

with fluctuations in sound pressure. Equation (12) is derived to represent changes in sound pressure 

values of the bearing fault sound source during movement. 

2 2

2
2 2

co s ( ( ))

4 (1 co s ( ))

R

P
t

c

R M u

ω

π

⋅ −

− ⋅
=  (12) 

The sound pressure relationship of the bearing fault sound source can be derived from the 

aforementioned analysis. It is evident from the equation that the distance between the acquisition 

device and the bearing fault sound source exhibits non-linear variation, resulting in a corresponding 

non-linear change in sound pressure. Consequently, Doppler distortion primarily manifests as 

temporal and amplitude distortions in the acquired bearing fault signal. Therefore, it is necessary to 

correct for both time and amplitude aspects when addressing Doppler distortion. 

2.3. Time correction 

According to the bearing motion model, the distance relationship and time sequence of the 

signal between the fault sound source and the acquisition device are obtained. The formula can be 

used to derive the time sequence of transmission from the fault sound source to the acquisition device. 

In practical detection processes, it is necessary for trains to continuously run. Consequently, during 

calculation of resampling time series, there will be constant changes in distance between the fault 

source and acquisition device. This dynamic aspect allows for more realistic and accurate time 

correction of distorted signals. Since signals are collected at equal time intervals while actual signal 

time series have unequal intervals, interpolation and resampling are required after collecting fault 

signals in order to obtain a more precise time series. The following presents delayed time series and 

resampling time series corresponding to each point in operation. 
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22
1i
R

dt
c

=  (13) 

22
1 ( 1)i

R
T i t

c
= − ⋅ +  (14) 

The resampled time series is obtained by re-interpolating the faulty sound source’s time series 

Ti received by the acquisition device [26]. Interpolating and resampling a Doppler-distorted signal 

involves correcting the nonlinear variation of the acquired acoustic signal’s time series to a linear 

variation. In simpler terms, it means re-acquiring the acoustic signal using the same points and 

sampling frequency. Assuming that n and n+1 are adjacent acoustic signals captured by the 

acquisition device, with coordinates (tn, Sn) for point n and (tn+1, Sn+1) for point n+1, m represents an 

intermediate point between these two signal acquisition points. The schematic diagram can be seen 

in Figure 2. 

 

Figure 2. Resampling schematic. 

The coordinates of point m are (tm, Sm), where the sampling frequency and sampling interval of 

the bearing fault sound source signal are known. The sampling interval is defined as 1/f, and a linear 

relationship is established between points n and n+1 [12]. Furthermore, the following relationship 

holds true. 

1

1

m n n n

m n n n

S S S S

t t t t

+

+

− −
=

− −

 (15) 

1

1

( )n n
m m n n

n n

S S
S t t S

t t

+

+

−
= − +

−

 
(16) 

The time series containing nonlinearity can be corrected through linear interpolation resampling, 

resulting in a new time series. At this stage, the signal has completed the process of interpolation 

resampling, indicating that the time correction of the acoustic signal has been accomplished. 

2.4. Magnitude correction 

The acoustic pressure of the signal received by the acquisition device varies with the changing 

location between the fault source and the acquisition device during train operation, resulting in 

amplitude distortion of the collected acoustic signal due to distance variation. In order to correct this 

Doppler-induced amplitude distortion in fault signals, a window function is created using the 

reference point closest to the acquisition device. The schematic is shown in Figure 3. 
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Figure 3. Schematic diagram of amplitude correction. 

The equation (27) presents the derived sound pressure field of the bearing failure sound source 

in the derivation process of the bearing motion model equation. 

2 2

2
2 2

c o s [ ( )]

4 [1 c o s ( ) ]

R

P
t

c

R M u

ω

π

⋅ −

− ⋅
=

 (17) 

The sound pressure at the minimum distance between the bearing fault source and the 

acquisition device is utilized as the reference signal after amplitude correction of the fault signal. 

Subsequently, this sound pressure becomes a modulation function of the sound pressure generated 

by the relative motion between the bearing fault source and the acquisition device. The amplitude-

corrected signal [14] can be expressed as shown in equation (28). The acoustic signal obtained from 

equation (18) undergoes theoretical corrections in both time and amplitude, resulting in an acoustic 

signal free from Doppler distortion. 

1( )f

S
S t

A
=  (18) 

The distortion generated in time by the fault signal is corrected through a resampling algorithm. 

In terms of amplitude, the reference point closest to the acquisition device is utilized to create a 

window function, which compensates for the amplitude and restores its initial size. After both time 

and amplitude correction, the authentic fault sound source signal is ultimately obtained. 

3. Cyclic and smooth characteristics of rolling bearing fault signals 

3.1. Smooth second order cycle 

The vibration signal of rotating machinery, characterized by its periodic rotation, not only 

contains numerous random components but also exhibits prominent periodic components. The 

second-order statistical characteristics of the signal are non-smooth, indicating a cyclic smoothness 

in the signal. Consequently, conventional signal processing methods fail to analyze and identify it 

effectively. Recognizing the significance of periodic changes in signal statistics for bearing fault 

diagnosis, it is essential to employ cyclic smoothing analysis method to extract crucial information 

for analysis [16]. 

The second-order cyclic statistics in the cyclic smooth analysis method provide a more accurate 

characterization of the cyclic smoothness of the signal. By analyzing these cyclic statistics, we can 

gain a comprehensive understanding of the characteristics and patterns of vibration fault signals, 

enabling us to make more precise diagnoses. Therefore, this paper primarily employs the second-

order cyclic smooth statistic [24], specifically utilizing the cyclic autocorrelation function and the 

cyclic spectral correlation density function, to conduct thorough cyclic smooth analysis. 
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3.2. Cyclic smooth model for rolling bearings 

The cyclic smooth model of rolling bearings is established to account for the cyclic smooth 

characteristics. It is assumed that pitting failure in rolling bearings occurs after T cycles, where s(t) 

represents a specific shock oscillation and Ai denotes the amplitude of the ith shock. Considering the 

complexity of the working environment, which includes various disturbances from environmental 

noise, a zero-mean smooth and randomized environmental noise n(t) is introduced. Based on this 

information, the pitting fault model can be formulated as follows: 

1
( ) ( ) ( )Ii
x t A s t iT n t

=
= − +  (19) 

The failure frequency of various components in rolling bearings is analyzed in conjunction with 

a pitting failure model. 

The structure of the rolling bearing is illustrated in Figure 4, where D (mm) represents the 

raceway diameter, d (mm) denotes the rolling body diameter, and α indicates the bearing contact 

angle. Let N represent the number of rolling bodies, and N (r/min) denote the shaft speed. 

 

Figure 4. Structure of rolling bearing. 

The inherent frequency of the bearing when rotating is: 

60r

N
f =  

(201

) 

Bearing inner ring failure, when the frequency of the rolling body passing a point on the inner 

ring (BPI) is: 

1 (1 cos )
2 r

d
BPI n f

D
α= +  (21) 

Bearing outer ring failure, when the frequency of the rolling body passing a point on the outer 

ring (BPO) is: 

1 (1 cos )
2 r

d
BPO n f

D
α= −  (22) 

Bearing rolling element failure, when the frequency of rolling elements through the inner or 

outer raceway (BS) is: 

2 21 [1 ( ) cos ]
2 r

D d
BS f

d D
α= −  (23) 

Bearing cage failure, at this time the rolling body of the common rotational frequency and cage 

speed frequency consistent (FT) for 

1 (1 cos )
2 r

d
FT f

D
α= −  (24) 
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The cyclic frequency characteristics of the cyclic smooth failure for each component of the 

bearing can be deduced by combining the specific features and theoretical knowledge of each 

component, as well as the characteristic frequencies associated with them, as presented in Table 1. 

Table 1. Cycle frequency characteristics in the event of failure of individual rolling bearing 

components. 

Fault type Rolling element fault Inner loop fault Outer ring fault 

Cycle frequency characteristic BS FTnf mf±
 BPI rnf mf±

 BPOnf
 

where  𝑚, 𝑛 ∈ 𝑍 denotes the characteristic frequency of the rolling body, fFT denotes the rotational 

frequency; fBPI and fBPO denotes the characteristic frequencies of the inner and outer rings, respectively; 

and fr denotes the rotational speed. 

4. Experimentation and analysis 

The fault diagnosis process, depicted in Figure 5, is established based on the theoretical 

knowledge presented in the preceding two sections. Firstly, a Doppler distortion correction algorithm 

is employed to rectify the time and amplitude of the fault signal, ensuring its freedom from any 

Doppler distortion. Subsequently, cyclic smooth autocorrelation and cyclic smooth density spectrum 

analysis are applied to process the signal. Finally, fault diagnosis is conducted. 

 

Figure 5. Fault diagnosis process based on cyclic smoothing. 

4.1. Trackside acoustic laboratory bench 

The trackside acoustic test bench, depicted in Figure 6, comprises a servo motor, linear module, 

microphone, and acquisition card. This experimental setup emulates the motion of bearings in a 

tracksuit acoustic detection system and replicates the acoustic signals corresponding to various types 

of bearing faults [27]. It effectively simulates the actual operation of train bearings under simulated 

operating conditions while perceiving the bearing fault signals. In accordance with real wheel 

operations, this experiment equates to a stable running length of 2 meters within a 3-meter long module. 

Additionally, the speed of the guideway experimental table can be adjusted between 0-3m/s. 
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Figure 6. Trackside acoustic testing experimental platform. 

4.2. Rolling bearing experiments and data analysis 

During the experiment, the bearing is loaded onto the slider and moves linearly in the horizontal 

direction. This means that the test bearing not only rotates perpendicular to the ground but also 

undergoes linear motion on a horizontally placed track. To accurately simulate the relationship 

between the bearing’s movement speed and its rotational speed in a train, it is necessary to set the 

horizontal speed of the slider to correspond with the vertical rotational speed of the bearing. In other 

words, the linear velocity of the test bearing during rotational motion is equivalent to that of the 

linear module slider. The calculation formula can be seen in equations (27) and (28). 

1
1

2
60
rn

v
π

=  (25) 

2
2

6 0 v
n

s
=  (26) 

The equation above defines v1 (m/s) as the equivalent horizontal linear speed of the test bearing, 

and v2 (m/s) as the speed of the linear module slider. It is important to note that v1 and v2 are 

numerically equal, i.e., v1 = v2. Additionally, n1 (rpm) represents the speed of the test bearing, while 

n2 (rpm) corresponds to the speed of the linear module AC motor. Furthermore, s (m) denotes the 

lead of the linear module, which refers to the displacement of the slider for one revolution of its drive 

motor. Please refer to your linear module manual for a specific value; in this case it is 0.165 m. Lastly, 

r (m) signifies the radius of the test bearing. The calculation results can be found in Table 2. 

Table 2. Calculation of rotational speed. 

Test bearing speed n1(rpm) Slider horizontal speed v2(m/s) Slider drive motor speed n2(rpm) 

150 0.4 145 

300 0.8 291 

600 1.6 582 

The linear module slider requires a certain amount of time and distance to accelerate to the target 

speed as it moves horizontally in a straight line, and the same applies to the deceleration process. The 

effective length of the linear module is 3m. To ensure that the slider does not collide with the edge 

block during movement, the first 0.5m of the linear module is designated for placement and 

acceleration, while the second 0.5m is used for deceleration. The middle 2m represents the effective 

distance for actual signal acquisition. Positioned at a vertical distance of 1.35m from the linear module, 

there is a microphone present in this experimental setup as depicted in Figure 7. 
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Figure 7. Experimental schematic. 

The trackside acoustic test bench is utilized to conduct bearing fault acquisition experiments, 

aiming to collect and analyze the acoustic signals of a wide range of experimental bearing faults. The 

known experimental bearing parameters are presented in Table 3: 

Table 3. Calculation of rotational speed. 

Bearing type 
Inside diameter 

(mm) 

Pitch diameter 

(mm) 

Outside diameter 

(mm) 

Rolling diameter 

(mm) 

Number of 

rolling 

elements 

N205 25 38.5 52 7.5 12 

The test bearing can be manipulated to achieve different states by combining a damaged 

component with other intact components during the experiment, thus simulating the actual fault 

conditions of a real test bearing. The various types of faulty test bearings are illustrated in Figure 8. 

  

(a) (b) 

 

(c) 
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Figure 8. (a) Test bearings outer ring failure; (b) Test bearing inner ring fault; (c) Test bearing rolling 

element fault. 

Combined with the actual working conditions and the bearing motion model, the effect of data 

collection becomes more pronounced as the speed increases. Therefore, in order to verify the 

feasibility of the Doppler correction algorithm, a comparative analysis is conducted on the time 

domain waveform and power spectrum of the signal before and after correcting for outer ring faults 

in bearings. As an example, a uniform speed of 1.6m/s at 600RPM is set for the bearing’s travel. 

Comparing Figure 9 with Figure 10, it can be observed that the overall graph in Figure 10 

becomes more condensed, indicating that the time domain correction has exerted an effect and there 

is a slight increase in amplitude compared to Figure 9. This suggests that the algorithmic processing 

of aberrations has somewhat improved the amplitude. The comparison reveals that both time domain 

and amplitude aberrations are partially eliminated after Doppler correction. To further evaluate the 

efficacy of the Doppler correction algorithm in rectifying Doppler-aberrated signals, power spectra 

of initial and corrected signals for outer ring faults were generated and compared, enabling clear 

visualization of changes. The power spectra for initial and corrected signals of outer ring faults are 

presented in Figures 11 and 12. 

 

Figure 9. Outer ring fault time domain waveform. 

 

Figure 10. Time domain waveform for outer ring correction. 
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Figure 11. Initial signal power spectrum of outer ring fault. 

 

Figure 12. Power spectrum of the outer ring fault correction signal. 

Comparing the initial power spectrum in Figure 11 with the corrected power spectrum in Figure 

12, it can be observed that the overall appearance of the corrected signal is more compact and dense 

compared to the initial signal, indicating successful time domain correction. In the initial power 

spectrum image, prominent amplitudes are concentrated between 200-300Hz, accompanied by 

sidebands around 100-200Hz and 400-700Hz. In contrast, the corrected power spectrum exhibits a 

significant increase in amplitude at 200-300Hz by approximately 50%, while the edge bands around 

100-200Hz and 400-700Hz also experience an approximate growth of about 25%. These findings 

suggest that effective amplitude correction has been achieved to eliminate distortion. By comparing 

both time domain waveform and power spectrum of the outer ring fault signal, it can be concluded 

that the Doppler correction algorithm is feasible and yields satisfactory results. 

The bearing fault signal, after undergoing Doppler correction, is subjected to cyclic smoothing 

analysis in order to validate the accuracy and reliability of the bearing fault diagnosis method based 

on cyclic smoothing analysis with Doppler aberration correction. The experimental verification is 

performed using the example of cyclic smoothing analysis applied to the bearing outer ring fault 

signal after Doppler aberration correction. 

The cyclic characteristic frequency of the bearing outer ring fault was calculated to be 49.06Hz 

based on the previously established cyclic smooth model and specific experimental parameters. 

Subsequently, a cyclic smooth analysis of the fault signal after Doppler distortion correction for the 

bearing outer ring fault is conducted, and the resulting cyclic autocorrelation spectrum is presented 

in Figure 13. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 September 2023                   doi:10.20944/preprints202309.0925.v1

https://doi.org/10.20944/preprints202309.0925.v1


 13 

 

 

Figure 13. Cyclic autocorrelation spectrum of outer ring fault correction signal. 

The cyclic autocorrelation spectrum in Figure 13 reveals the presence of signals with prominent 

components. However, it is challenging to clearly observe the cyclic frequencies and frequency 

components at other locations during signal processing, particularly due to their small amplitudes. 

To achieve a more precise determination of the cyclic eigenfrequencies, an appropriate method of 

processing is necessary. Therefore, we will conduct a cyclic density spectrum analysis and utilize the 

cyclic density spectrum function to obtain the cyclic autocorrelation density spectrum as depicted in 

Figure 14. 

 

Figure 14. Cyclic autocorrelation density spectrum of the outer ring fault correction signal. 

The circular density spectrum in Figure 14 exhibits a distinct eigenfrequency component with 

prominent side bands near the circular eigenfrequencies. Notably, a cluster of signal-concentrated 

distribution of eigenfrequency points is observed in the figure. To assess the relationship among the 

remaining eigenfrequencies, refinement analysis is conducted on this concentrated distribution, 

resulting in a refined slice map as depicted in Figure 15. 
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Figure 15. Slices of the cyclic density refinement of the outer ring fault correction signal. 

The refined slice diagram reveals the main frequency components, with 98Hz corresponding to 

the 2x frequency of the characteristic frequency of the outer ring. This provides evidence that cyclic 

smoothing analysis accurately identifies and emphasizes the characteristic frequency of bearing outer 

ring faults. It demonstrates the feasibility of applying cyclic smoothing analysis to Doppler-corrected 

bearing fault signals and validates the accuracy of the bearing fault diagnosis method based on cyclic 

smoothing analysis with Doppler aberration correction. Additionally, although present in the refined 

slice diagram, the edge frequency band exhibits a small amplitude compared to that at the 

characteristic frequency and can be disregarded. 

The method can be deemed correct and effective for bearing failure diagnosis, as it combines the 

bearing failure model and utilizes cyclic smooth analysis with Doppler aberration correction. 
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4.3. Project example analysis 

To validate the efficacy of the proposed approach, a pre-existing TADS device was chosen within 

a vehicle section. The acquisition schematic of this device is depicted in Figure 25, featuring a linear 

array comprising six microphones evenly spaced at a distance of 1.35m from the track. With an 

acquisition range of 7.2m, it facilitates capturing acoustic signals emitted by train bearings during 

uniform speed operation for subsequent analysis and identification of bearing signal faults. 

 

Figure 16. Schematic diagram of equipment acquisition. 

Test bearing parameters are shown in Table 4. 

Table 4. Calculation of rotational speed. 

Bearing type 
Inside diameter 

(mm) 

Pitch diameter 

(mm) 

Outside diameter 

(mm) 

Rolling diameter 

(mm) 

Number of 

rolling 

elements 

353130B 150 200 250 22 23 

During the inspection of the TADS equipment, anomalies were detected in the bearings. 

Subsequently, a novel bearing fault detection method proposed in this paper, namely the Doppler 

distortion correction method based on cyclic smooth analysis, was employed to analyze and process 

the bearing signals. The acquired acoustic signals underwent Doppler distortion correction, and a 

comparison was made between the time domain maps before and after correction (refer to Figures 

17 and 18) for further evaluation. 

 

Figure 17. Fault signal time domain waveform. 
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Figure 18. Correction signal time domain waveform. 

A comparison between Figure 17 and Figure 18 reveals that the overall graph of Figure 18 

exhibits a more compact form compared to Figure 17, indicating the successful correction in the time 

domain. Furthermore, the amplitude has increased by nearly 50% in comparison to Figure 17, 

suggesting that the algorithm has effectively corrected the amplitude to some extent after processing. 

The comparison of time domain waveforms demonstrates that both time domain and amplitude 

distortions have been partially rectified following Doppler correction. To further restore the bearing 

fault signal and evaluate the efficacy of the Doppler correction algorithm in addressing Doppler 

distortion signals, power spectra were generated for both initial and corrected signals of outer ring 

faults, facilitating a clear observation of changes. 

Comparing the power spectrum of the fault signal in Figure 19 with that of the corrected signal 

in Figure 20, it can be observed that the overall distribution of amplitudes in the corrected signal is 

more densely concentrated compared to the initial signal. This indicates that the time domain 

correction has effectively addressed temporal distortion. In the power spectrum image of the initial 

signal, prominent amplitudes are mainly concentrated between 20-60Hz, with additional side bands 

around 100-120Hz and 160-200Hz. However, in the power spectrum image of the corrected signal, 

there is a significant increase (approximately 125%) in amplitude within the range of 20-60Hz, along 

with an additional increase (about 25%) in side bands around 100-120Hz and 160-200Hz. These 

findings suggest that effective amplitude correction has been achieved to rectify amplitude distortion. 

At this stage, through Doppler correction algorithm, bearing fault signals have been reduced to real 

fault signals. By comparing time domain waveforms and power spectra before and after bearing fault 

signal correction, it can be concluded that Doppler correction algorithm is feasible and yields 

satisfactory results. 
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Figure 19. Fault signal power spectrum. 

 

Figure 20. Calibration signal power spectrum. 

The bearing fault signals, which have been corrected for Doppler aberration, were subjected to 

cyclic smoothing analysis in order to determine the type of bearing fault and verify the accuracy and 

feasibility of the diagnostic method based on cyclic smoothing analysis with Doppler correction. The 

resulting signal, after correcting for Doppler distortion, was then analyzed using cyclic smoothing 

techniques and the corresponding autocorrelation spectrum is presented in Figure 21. 

 

Figure 21. Cyclic autocorrelation spectrum. 

The cyclic autocorrelation spectrum in Figure 21 reveals the presence of signals with prominent 

components. However, during the signal processing procedure, it is challenging to clearly observe 
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the cyclic frequencies and frequency components at other locations due to their small amplitudes. To 

enhance our understanding of the cyclic characteristic frequency, we perform a thorough analysis 

using cyclic density spectrum and obtain the corresponding cyclic autocorrelation density spectrum 

as depicted in Figure 22. 

 

Figure 22. Cyclic autocorrelation density spectrum. 

The circular density spectrum in Figure 22 exhibits a distinct eigenfrequency component with 

prominent side bands near the circular eigenfrequencies. Additionally, a cluster of signal-

concentrated distribution of eigenfrequency points is evident in the figure. To establish the 

relationship among the remaining eigenfrequencies, a refinement analysis was conducted at this 

concentrated distribution and yielded a refinement slice diagram, as depicted in Figure 23. 

 

Figure 23. Section of cyclic density refinement. 

The refined slice diagram reveals that the dominant frequency component is 76Hz, accompanied 

by some minor frequency bands. However, their amplitudes are insignificant and can be disregarded. 

By integrating the cyclic smooth model of bearing failure established in Chapter 2 with the bearing 

speed of 396rpm obtained from the TADS system and specific parameters of the bearing, we 

calculated the cyclic characteristic frequencies for each component in case of failure. The 

corresponding data is presented in Table 5. 
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Table 5. Frequency of cyclic failure characteristics of rolling bearings. 

Fault type Rolling element fault Inner loop fault Outer ring fault 

Cycle frequency characteristic 23.1Hz 177.4Hz 15.2Hz 

The comparison of characteristic frequencies in Table 5 revealed that the dominant frequency 

component of 76Hz on the refined slice diagram depicted in Figure 23 was five times higher than the 

outer ring failure frequency of 15.2Hz, leading to the deduction that the bearing failure occurred at 

the outer ring location. Subsequently, disassembly of the bearing was carried out, as illustrated in 

Figure 24. 

 

Figure 24. Bearing failure diagram. 

It is evident from the bearing failure diagram that the bearing failure was caused by a scratch on 

the outer ring of the bearing, resulting in an abnormal bearing signal detected by the TADS 

equipment. This confirms the accuracy of our previous inference. Therefore, utilizing cyclic 

smoothing analysis can effectively determine the location of bearing failure by identifying its cyclic 

characteristic frequency (or multiples thereof). This demonstrates both feasibility and accuracy when 

applying cyclic smoothing analysis to Doppler-corrected bearing fault signals, thus validating the 

reliability of our diagnostic method based on cyclic smoothing analysis with Doppler distortion 

correction. Through analyzing and verifying experimental and engineering signals, this paper 

illustrates the practicality and effectiveness of our proposed Doppler aberration correction method 

based on cyclic smoothing analysis. 

4.4. Bearing fault diagnosis step 

The steps for diagnosing rolling bearing faults with the Doppler aberration correction method 

based on cyclic smooth analysis are summarized as follows by integrating the Doppler aberration 

correction algorithm, the cyclic smooth analysis method, and the rolling bearing model. 

1. The trackside acoustic signal of the bearing to be measured, primarily consisting of vibration 

and speed signals, is subject to measurement. 

2. The correction of Doppler distortion for acoustic signals received trackside. 

3. The Doppler-corrected signal underwent cyclic smoothing analysis. Firstly, a cyclic 

autocorrelation analysis was conducted to obtain a spectrum of cyclic autocorrelation. Secondly, 

the spectrum of cyclic autocorrelation density was examined to refine it into a slice of cyclic 

density refinement in order to determine the presence of a characteristic frequency or its multiple 

in the cyclic autocorrelation. If such frequency exists, it indicates the occurrence of shock 

phenomenon in the bearing at that time and suggests an impending failure. 

4. The faults are assessed based on predetermined criteria for evaluating bearing faults and 

practical experience to determine their impact on the component’s operation. Subsequently, 

appropriate handling procedures are implemented. 

The sequence of diagnostic procedures is illustrated in Figure 25. 
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Figure 25. Fault diagnosis steps for rolling bearings. 

The proposed diagnostic procedure for faulty bearings is based on the Doppler distortion 

correction algorithm and cyclostationary analysis method investigated in this study. In comparison 

to the conventional diagnostic procedure, it is anticipated that the diagnostic accuracy will be 

enhanced by approximately 50%, leading to a reduction in error rate 

5. Summary 

The present paper proposes a novel method for bearing fault diagnosis based on the fault 

characteristics of rolling bearings, utilizing Doppler aberration and cyclic smoothing techniques. 

Specifically, it introduces a fault diagnosis approach that incorporates cyclic smoothing with Doppler 

aberration correction, tailored to the current stage of bearing fault detection. Experimental validation 

through trackside acoustic experiments and engineering examples confirms the effectiveness and 

feasibility of the proposed method in diagnosing bearing faults. Consequently, this study presents a 

compilation of bearing fault diagnosis procedures based on the Doppler aberration correction 

method using cyclic smoothing analysis. 
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