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ABSTRACT Developing a proper approach for extracting the fault characteristics of rolling element bearings
is a significant behavior in variable operation conditions. Generally, without a tachometer, the tacholess
order tracking method is well established by instantaneous rotation frequency curve estimation using time-
frequency analysis. However, the fault features are often masked in strong background noises. An adaptive
cross-validation thresholding de-noising algorithm is employed to improve the performance of the traditional
envelope order spectrum method. First, the general linear chirplet transform is applied to estimate the
instantaneous rotation frequency curve. Second, with the help of the instantaneous rotation frequency
curve, the raw non-stationary signal is transferred to an angular domain by the re-sampling technique.
Third, the adaptive cross-validation thresholding de-noising algorithm is employed to purify the angular
domain signal to improve the fault feature extraction performance of the envelope order spectrum method.
Comparisons using numerical simulations and experimental investigations of bearing faults under variable
speed conditions are given to show the superiority of the present method.

INDEX TERMS Amplitude modulation, frequency modulation, band-pass filter, frequency estimation,
spectral analysis, signal de-noising, signal restoration, fault diagnosis.

I. INTRODUCTION
Rolling element bearings are one of the core elements of
rotating motion in mechanical systems, such as planetary
gearbox transmissions and motor devices [1]–[7]. Bearings
are prone to failure in mechanical systems.

In recent years, a state-of-the-art investigation indicates
that more extracted fault information is exposed under time-
varying condition than under a constant speed condition [8].
Variable operation conditions of mechanical systems, for
example, speeding up or slowing down and variable load
conditions are often found in industrial applications [9].
Therefore, vibration signal properties are non-stationary and
nonlinear, which increase the difficulty of fault detection.

The associate editor coordinating the review of this manuscript and
approving it for publication was Gerard-Andre Capolino.

Computed order tracking (COT) [10] is applied to transfer
the non-stationary domain into the quasi-stationary domain
to eliminate the influence of speed variation. However, due
to the installation limitations and high costs, this technique is
replaced by tacholess order tracking (TLOT), which does not
require any hardware equipments. TLOT method depends on
the obtained instantaneous rotation frequency (IRF) curve for
rolling element bearing fault diagnosis under variable speed
conditions [11]–[14].

Time-frequency analysis (TFA) methods have the ability
to characterize the variation procedure of a signal. Conven-
tional TFAmethods included the short time Fourier transform
(STFT), wavelet transform (WT) and Wigner-Ville distribu-
tion (WVD) in the past decades [15]–[20]. The STFT andWT
suffer from Heisenberg uncertainty principle [21]. The WVD
always introduces cross-term interferences while analyzing
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FIGURE 1. Flowchart of ACVTD based EOS method for bearing fault detection under variable speed conditions.

the multi-component signal. To overcome this drawback,
Yu and Zhou [22] proposed the generalized linear chirplet
transform (GLCT) method, which well characterizes the
multi-component signal in non-stationary conditions and no
longer preset the chirp rate of non-linear signal; meanwhile,
it can provide high IRF resolution and retreat the drawbacks
of conventional TF analysis methods.

By means of the obtained IRF curve, the envelope order
spectrum (EOS) method is employed to extract the fault char-
acteristic order (FCO) of vibration signals. Unfortunately,
the fault features are polluted by unrelated components and
cannot be directly recognized. Recently, many researchers
have applied some methodologies to separate fault features
from the angular domain signal. Wang et al. [23] devel-
oped a hybrid method, which applied COT and variational
mode decomposition (VMD) –based time frequency rep-
resentation (VTFR) for fault detection. However, the input
parameters (balancing parameter and the number of modes)
are the key factors of VMD, which need be predetermined.
Reference [24] applied the maximum correlated kurtosis
de-convolution (MCKD)method to enhance the fault features
of the angular domain signal and then by means of the EOS
method obtain the FCO of the tested rolling element bearings.
Similarly, the fault period should be preset as a crucial param-
eter in signal de-noising processing. Wang and Xiang [25]
introduced the angle synchronous averaging (ASA) technique
into the angular domain signal and then the fault features are
recognized using EOS method. This method simultaneously
weakens the energy of unrelated and fault components. The
weak fault diagnosis method for rolling bearing under vari-
able speed conditions using the improved empirical wavelet
transform (IEWT)-based enhanced envelope order spectrum
is proposed in [26], in which cuckoo search algorithm (CSM)
was also used to determine the support interval of the EWT to

ensure the accuracy of the angular domain signal decompo-
sition. Although this avoided presetting related parameters,
it increased the computation complexity.

Adaptive cross-validation thresholding de-noising
(ACVTD) is applied to eliminate the additive noise of the
seismic signal for preserving important features [27], [28],
i.e., extracting P- and S-waves from seismic signals. The
localized defect of the surface of rolling bearings occurs in
operation, and if the rolling element moves over the dam-
aged area, the vibration signal would appear as a transient
impulse, which is similar to P- and S-waves from seismic
signals. This hybrid method is first applied in fault diagnosis
areas.

The method ACVTD consists of two main steps, they are
kurtosis criterion and synchrosqueezed-continuous wavelet
transform (SS-CWT). Kurtosis criterion is a preprocessing to
select the transient impulse components of the vibration sig-
nal. Furthermore, the processed signal is transformed in the
SS-CWT domain, in which the major oscillatory components
is distinguished and the high-power coherent noise outside
of the frequency range is removed. In summary, the method
has the ability of fault components extraction. To meet the
actual industrial application, the algorithm is applied under
variable speed conditions. The speed information acquisi-
tion using TFA method without installing tachometer, which
could decrease cost and avoid the difficult of installation of
the equipment.

The remainder of this paper is arranged as follows: the the-
ories of ACVTD and GLCT are briefly reviewed in section II.
The proposedmethod is given in section III. The effectiveness
of the proposed method is validated by some simulations and
experiments in section IV and section V, respectively. The
discussion is shown in section VI. Finally, conclusion is given
in section VII.
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FIGURE 2. Simulated faulty raw signal (with SNR of −3.6 dB) under
variable speed conditions: (a) waveform of the raw signal, (b) spectrum
of the raw signal, (c) waveform of the down-sampled signal.

II. THEORETICAL BACKGROUND
A. THE PRINCIPLE OF THE ADAPTIVE CROSS VALIDATION
THRESHOLDING DE-NOISING ALGORITHM
This algorithm consists of two stages: preprocessing and
cross-validation thresholding. In this part, the stages of the
algorithm are described. CWT is a multi-resolution time-
frequency transform method, which is widely used in indus-
trial fields [29], [30]. It can avoid the selection of the window
length to ensure a tradeoff between time and the frequency
resolution. The CWT of signal y(t)in Eq. (1) at scale a and

FIGURE 3. Simulated faulty raw signal (with SNR of −3.6 dB):
(a) spectrogram of the raw signal based STFT, (b) estimation IRF curve
based the obtained TFR by STFT.

time shift b is given by:

Xy(a, b) =
〈
y, φa,b

〉
=

1
√
a

∫
+∞

−∞

y(t)φ∗(
t − b
a

)dt (1)

where Xy(a, b) is a wavelet coefficient,
〈
y, φa,b

〉
is the inner

product, and ∗ denotes the complex conjugate. In the fre-
quency domain, Eq. (1) can be written as

Xy(a, b) =
1
2π

∫
+∞

−∞

ỹ(ψ)a−
1
2 φ̃∗(aψ)e(jψb)dψ (2)

where ỹ(ψ) is the Fourier transform of y(t). The inverse CWT
is given by [31]

y(t) =
1
Cφ

∫∫
Xy(a, b)db

da
a2

(3)

where Cφ =
∫
+∞

0 ψ−1φ̃∗(ψ)dψ .
However, the variable length of φ results in a flexible

tradeoff between time and the frequency resolution com-
pared with the STFT. The SS technique is introduced by
squeezing the energy around ridges to decrease smearing,
which has a superior frequency resolution, and then could
distinguish the major oscillatory components of vibration
signals [32]–[34]. The synchrosqueezed transform (SST) is
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FIGURE 4. Simulated faulty raw signal (with SNR of −3.6 dB):
(c) spectrogram of the raw signal based GLCT, (d) the estimation IRF curve
based on the obtained TFR by GLCT.

represented as Eq. (4):

Ty(ωl, b)= (1ω)−1
∑

ak |ω(ak ,b)−ωl |≤1ω/2
Xy(ak , b)a

−3/2
k 1ak (4)

The parameters of this formula are shown. First we need to
obtain the coefficients Xy(a, b) at discrete value ak , which is
the k th scale, and ak − ak−1 = 1a. Similarly, ωl is defined
as the discrete frequencies, with ωl − ωl−1 = 1ω. l ∈ Lk (t)
denotes the k th component in a small band frequency. The
inverse of Ty(ωl, b) is obtained as:

yk (t) = 2C−1φ Re(
∑
l∈Lk (t)

Ty(ωl, b)) (5)

In the first step of preprocessing, the vibration signal y(t) is
transformed into the SS-CWT domain, and the high power
coherent noise is removed from the TFR of the signal using
the kurtosis criteria Eq. (6) and Eq. (7) (for distinguishing a
Gaussian distribution from a non-Gaussian distribution). The
formulas are shown below:

kurt =

N∑
n=1

(Xyn − E(Xy))4

Nσ 4
Xy

− 3 (6)

|kurt| ≤

√
24
/
N

√
1− α

(7)

where σ is the denoted the standard deviation, E represents
the mean of Xy, and α is the level of confidence, which is
commonly set to 0.9.

The simplest but most popular threshold rule is soft-
threshold, which is given by

εsλ(Xy) = sgn(Xy).(
∣∣Xy∣∣− λ)+ (8)

where sgn(.) is the sign function, and the threshold λ is
found by the cross-validation (CV) method. A data point is
systematically excluded from the construction of an estimate,
and then the value of the excluded data point is predicted
and compared with the true value. The function of CV is
defined as

CV (λ) =
1
N

∥∥∥Ty − _

T λ
∥∥∥2∥∥∥N0

N

∥∥∥2 (9)

where
_

T λ are the threshold coefficients using a threshold
value of λ, and N0 is the number of coefficients that would
be zeroed using the threshold value λ. In the second step,
the obtained preprocessed coefficients are thresholded by the
soft-threshold method. In the SS domain, Eq. (8) is used to
threshold the major oscillatory components of the signal in
a narrow frequency band and the optimal threshold λ0 (the
Fibonacci method is used to find this value) is automatically
determined by the CV method for each narrow frequency.
On the basis of finishing the thresholding of the major oscil-
latory components, we obtain an initial estimate of the signal
using the inverse transform from Eq. (5). As a consequence,
the raw signal is de-noised by ACVTD.

B. THE PRINCIPLE OF THE GENERALIZED LINEAR
CHIRPLET TRANSFORM
It is well-known the formula of linear chirplet transform
(LCT) [35], which can be expressed by Eq. (10). In this
paper, the tested signals are non-stationary, LCT method
could effectively provide chirp rate to characterize the speed
variation signal. We assume a vibration signal is y(t) and LCT
is obtained as

S(t ′, ω, c) =
∫
+∞

−∞

g(τ − t)y(τ )e−jωτ e
−jc(τ−t)2

2 dτ (10)

where the parameters c and g represent the chirp rate
and the window function respectively. The demodulated
operator e−jc(τ−t)

2/2 will produce a rotating effect in the
time-frequency plane, and its rotating degree is arctan(−c).
We assume the sampling frequency is Fs and the sampling
time is Ts. The parameter c is determined as

c =
Fs tan(α)

2TS
, α ∈ (−π

/
,2,−π

/
2,) (11)

and Eq. (11) can be rewritten as

S(t, ω, α)
∫
+∞

−∞

g(τ − t)y(τ )e−jωτ e−j.
tan(α).(τ−t)2

4Ts
Fsdτ (12)
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FIGURE 5. Angular domain signal (with SNR of −3.6 dB): (a) waveform of the angular domain signal, (b) order spectrum of the
angular domain signal, (c) order spectrum of AW output signal, (d) order spectrum of ASA output signal, (e) order spectrum of
WHT output signal, (f) order spectrum of ACVTD output signal.

Eq. (12) is for GLCT method, all feasible modulated
elements in the signal can be described by demodulated

operators. Subsequently, the parameter α is determined by
the number of segments denoted by N . The equation can be
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FIGURE 6. Simulated faulty raw signal (with SNR of −6.9 dB) under
variable speed conditions: (a) waveform of the raw signal, (b) order
spectrum of the ACVTD output signal.

shown as:

α =


−π

/
2+ 1 · π

/
(N + 1),

−π
/
2+ 2 · π

/
(N + 1)

. . .

−π
/
2+ N · π

/
(N + 1)

(13)

c′ = argmax
c
|S(t, ω, c)| (14)

If N = 1, Eq. (12) will degenerate to the STFT [16].
The value c′ is denoted as the optimal value of c, which is
determined by Eq. (14). The final result can be defined as

S(t, ω) = S(t, ω, c′) (15)

That method utilizes a series of discrete demodulated oper-
ators to characterize the instantaneous rotation frequency
feature rather than construct a mathematical model.

III. THE ACVTD BASED EOS
The fault diagnosis method consists of two steps. The first
step is to transform the time domain into the angular domain
by the re-sampling technique based on the estimated IRF
curve. The second step is to purify the angular domain signal
by ACVTD, and then use EOS method to recognize the fault

FIGURE 7. Simulated faulty raw signal (with SNR of 0 dB) under variable
speed conditions: (a) waveform of the raw signal, (b) order spectrum of
the ACVTD output signal.

types. The flowchart of the proposed method under variable
speed conditions is shown in Fig. 1.

A. DATA ACQUISITION
Collect data from the test rig under variable speed conditions.

B. DOWN-SAMPLE THE COLLECTED RAW SIGNAL
For IRF curve estimation of the shaft, we decimate the raw
sampling frequency at lower values to eliminate redundant
information. If the range of the IRF is less than 100 Hz in
data acquisition processing we decimate the raw sampling
frequency at 200 Hz.

C. FILTER THE PROCESSED SIGNAL
We introduce band-pass filter to remove IRF harmonics of
the down-sampled signal. The related parameters are set,
which based on the range of the rotation frequency in the data
acquisition experiment for different cases.

D. CALCULATE THE TFR OF THE FILTERED SIGNAL AND
THEN EXTRACT THE IRF CURVE
The GLCT method has the ability to characterize speed vari-
ations and provides a high quality time-frequency resolution
of the IRF of shafts. When the optimal chirp rate is reached,
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FIGURE 8. Machinery fault simulator test rig.

the maximum amplitude |S(t, ω, α)| is obtained. With the
help of the estimated IRF, the ridge extraction method is
applied to extract it.

E. RE-SAMPLE THE RAW SIGNAL INTO THE ANGULAR
DOMAIN
The new sampling frequency is variable while speed of shaft
changes. Apply the re-sample technique to transform the
non-stationary signal into a quasi-stationary signal with the
even-angle increments.

F. PURIFY THE ANGULAR DOMAIN SIGNAL BY ACVTD
The angular domain signal still contains unrelated compo-
nents, such as background noises. ACVTD is applied to
remove them and highlight the fault components.

G. FAULT FEATURES ARE EXTRACTED
The fault characteristic orders are detected using the EOS
method. The analytic and envelope of the angular domain
signal vi(θ ) are given by

zi(θ ) = vi(θ )+ j
_vi(θ ) (16)

ai(θ ) =
√
v2i (θ )+

_v
2
i (θ ) (17)

IV. NUMERICAL SIMULATION
In this section, a numerical simulation of the correspond-
ing defective rolling element bearing under variable speed
conditions is given and further to verify the effectiveness of
the proposed method for fault diagnosis. The speed of the
simulated signal is variable, and the formula can be given as
Eq. (18) and Eq. (19):

y(t) = An
+∞∑
n=0

e(−b(t−Tn−τn)) cos(2π fn(t − Tn − τn))+ σ (t)

(18)

where An denotes the amplitude of the nth impulse, b is the
structural damping characteristic, Tn represents the interval
time between the (n− 1)th and (n+ 1)th impulses, τndenotes
the random slippage of rolling elements, for which the range
is from 0.01 to 0.02, fn represents the natural frequency,
and σ (t) is an added white Gaussian noise with a signal-
to-noise ratio (SNR) of −3.6 dB. To verify the de-noising
effectiveness of the proposed method, we will add different
white Gaussian noises with SNR values of−6.9 dB and 0 dB
into the simulated signal and keep other parameters constant.

We assume the fault occurrence time with the speed
variation is{

t1 = (1+ τ1)× 1/ (fr (t0)) /B
tn = (1+ τn)× n/ (fr (tn−1)) /B, n = 2, 3...

(19)

where fr (t) is the instantaneous rotation frequency, B repre-
sents the fault characteristic order and tn is the occurrence
time of the nth impulse. In this formula, we consider the
influence of slippage of the rolling elements.

The specific parameters of the numerical simulation are
t = [0, 4]s, An = λ× tn (λ is a constant value, which equals
-0.091), b = 1000rad/s, B = 2.2, τn = 0.02, f0 = 6500Hz,
and f (t) = 3t + 20. The sampling frequency is 12 kHz.
The simulated signal and its Hilbert envelope spectrum are

shown in Fig. 2(a) and (b), respectively. From the Fig.2 (b),
the smear spectrum is smeared due to the speed variation, and
we cannot detect fault features. The waveform of the down-
sampled signal is shown in Fig. 2(c).

For fault detection, the raw signal is down-sampled and
the original sampling frequency is decimated at fs × (1

/
60).

According to the above mentioned fr = 3t + 20 and
t ∈ [0, 4], we obtain the range of the rotation frequency
fr ∈ [20, 32]. Therefore, the central frequency and bandwidth
frequency parameters of the band-pass filter are 32 Hz and
28 Hz, respectively. Fig. 3(a) and (b) show the obtained
time-frequency representation (TFR) of the filtered signal
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FIGURE 9. Raw signal of rolling element bearing with an inner race fault
under variable speed conditions: (a) waveform of the raw signal,
(b) spectrum of the raw signal, (c) waveform of the down-sampled signal.

based on STFT and its corresponding IRF curve. Obviously,
the inaccuracy of the IRF curve is estimated due to the low
quality time-frequency resolution. The TFR of the filtered
signal by GLCT is shown in Fig. 4 (a), and the estimated
IRF curve is shown in Fig. 4(b), which validly characterizes
the tendency of the rotation frequency. The re-sampling tech-
nique is applied to transform the raw signal into the angular
domain signal based on the estimated IRF curve, and fur-
thermore, the re-sample frequency is obtained by the formula
Os = fs

/
fr min = 569.34.

The angular domain signal and its order spectrum are
shown in Fig. 5(a) and (b), respectively, and only the shaft

FIGURE 10. Rolling element bearing with an inner race fault:
(a) spectrogram of the raw signal based STFT, (b) estimation
IRF curve based the obtained TFR by STFT.

FIGURE 11. Rolling element bearing with an inner race fault:
(a) spectrogram of the raw signal based GLCT, (b) estimation
IRF curve based the obtained TFR by GLCT.

orders 1 and 2 are recognized. The automated wavelet (AW)
algorithm is used to remove noise components in the vaginal
pulse amplitude signal, which is equally applied to remove
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FIGURE 12. Angular domain signal: (a) waveform of the angular domain signal, (b) order spectrum of the angular domain
signal, (c) order spectrum of AW output signal, (d) order spectrum of ASA output signal, (e) order spectrum of WHT output
signal, (f) order spectrum of ACVTD output signal.

interference noise in the raw signal. Angle synchronous
averaging (ASA) is applied as a preprocess step to weaken
the energy of unrelated components, such as the back-
ground noises. A conventional de-noising method based on

multi-resolution analysis called the wavelet hard-threshold
(WHT)method is applied to filter the signal, and in this paper,
the ‘‘dB4’’ wavelet function is used. From Fig. 5(c), only the
shaft order 1 is detected, and the obtained result is the order
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FIGURE 13. Raw signal of rolling element bearing with an outer race fault
under variable speed conditions: (a) waveform of the raw signal,
(b) spectrum of the raw signal, (c) waveform of the down-sampled signal.

spectrum of the filtered signal by the AW algorithm. The
order spectrum of the ASA is shown in Fig. 5(d), and only the
shaft order 1.015 is detected. Fig. 5(e) is similar to Fig. 5(c),
without any fault information, which is provided by WHT.
Fig. 5(f) presents the order spectrum of the purified signal
by ACVTD, and the order spectrum peaks of 2.3 and 6.6 are
approximately 1×B and 2×B, respectively. The comparison
results indicate that the proposed method is better than the
aforementioned methods in signal processing.

Fig. 6(a) shows the waveform of the simulated faulty
signal with different white Gaussian noises (with an SNR
of −6.9 dB) of Eq. (18). To test the anti-noise ability

FIGURE 14. Rolling element bearing with an outer race fault:
(a) spectrogram of the raw signal based STFT, (b) estimation
IRF curve based the obtained TFR by STFT.

FIGURE 15. Rolling element bearing with an outer race fault:
(a) spectrogram of the raw signal based GLCT, (b) estimation
IRF curve based the obtained TFR by GLCT.

of the ACVTD method, we only show the order spec-
trum of the denoised signal. From Fig.6 (b), the peak
values of 6.5 and 13.2 are approximately 2 × B and
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FIGURE 16. Angular domain signal: (a) waveform of the angular domain signal, (b) order spectrum of the angular domain
signal, (c) order spectrum of AW output signal, (d) order spectrum of ASA output signal, (e) order spectrum of WHT output
signal, (f) order spectrum of ACVTD output signal.

3 × B, respectively. The anti-noise ability of the ACVTD
method is verified in two different white Gaussian noise
conditions.

In this work, a simulated faulty signal with SNR of 0 dB
is given and its waveform of raw signal is shown in Fig. 7(a).
Due to without adding any contaminants in signal,
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FIGURE 17. Raw signal of rolling element bearing with a defect on ball
under variable speed conditions: (a) waveform of the raw signal,
(b) spectrum of the raw signal, (c) waveform of the down-sampled
signal.

the figure clearly presents variable interval of fault impulse.
The order spectrum of the proposed method is shown
in Fig. 7(b), which effectively presents the fault features
2.2 and 4.3.

V. EXPERIMENTAL VERIFICATION
In this section, the effectiveness of the proposed method is
further verified with the experimental rolling element bear-
ings under variable speed conditions, which include inner
and outer race faults, ball faults and a normal case. Both
experimental rolling element bearings are ER-12K.

FIGURE 18. Rolling element bearing with a defect on ball:
(a) spectrogram of the raw signal based STFT, (b) estimation IRF curve
based the obtained TFR by STFT.

FIGURE 19. Rolling element bearing with a defect on ball:
(a) spectrogram of the raw signal based GLCT, (b) estimation IRF curve
based the obtained TFR by GLCT.

We set the sampling frequency 25.6 kHz. The detailed
parameters of the experimental rolling element bearings
are given in Table 1. The formulas of the theoretical fault

67512 VOLUME 8, 2020



Y. Liu et al.: Adaptive Cross-Validation Thresholding De-Noising Algorithm

FIGURE 20. Angular domain signal: (a) waveform of the angular domain signal, (b) order spectrum of the angular domain
signal, (c) order spectrum of AW output signal, (d) order spectrum of ASA output signal, (e) order spectrum of WHT output
signal, (f) order spectrum of ACVTD output signal.

characteristic order of the inner race and outer race are given
as

finner =
Z
2
(1+

d
D

cos θ )fr (20)

fouterr =
Z
2
(1−

d
D

cos θ )fr (21)

fball =
1
2
D
d
[1− (

d
D
)2 cos2 θ ] (22)
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TABLE 1. Parameters of the tested rolling element bearings.

FIGURE 21. Raw signal of normal rolling element bearing under variable
speed conditions: (a) waveform of the raw signal, (b) spectrum of the raw
signal, (c) waveform of the down-sampled signal.

where fr denotes the shaft frequency. Substituting the
detailed parameters of the rolling element bearing into the
Eq. (20)-(22), the formulas are rewritten as

finner = 4.95fr (23)

fouter = 3.05fr (24)

fball = 1.99fr (25)

FIGURE 22. Normal rolling element bearing: (a) spectrogram of the raw
signal based STFT, (b) estimation IRF curve based the obtained TFR
by STFT.

As a consequence, the fault characteristic order of the inner
race is 4.95, and the fault characteristic order of the outer race
is 3.05, and the fault characteristic order of the ball is 1.99.

A. INNER RACE FAULT DETECTION
In this section, a rolling element bearing with a localized fault
is tested. The length of the collected signal is12.8 s and the
range of speed variation is set to 0-2400 rev/min. We select
153600 samples as the tested signal. Thus, the central fre-
quency and bandwidth parameters of the band-pass filter can
be set as 28 Hz and 28 Hz, respectively. The waveform of the
tested signal is shown in Fig. 9(a) and its envelope spectrum is
shown in Fig. 9(b). The fault information cannot be extracted
directly due to the speed variation and heavy background
noises.

For fault extraction under non-stationary conditions,
the tested signal is down-sampled and the sampling frequency
is decimated at 1

/
128 times 25600 Hz. The waveform of

the down-sampled signal is shown in Fig. 9(c). After being
filtered by the band-pass filter, the IRF curve is estimated by
the time-frequency methods. STFT is applied to obtain the
TFR of the filtered signal and its estimated low quality IRF
curve is shown in Fig. 10(a) and (b). Fig. 11(a) displays the
high quality time-frequency resolution in the time-frequency
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FIGURE 23. Normal rolling element bearing: (a) spectrogram of the raw
signal based GLCT, (b) estimation IRF curve based the obtained TFR
by GLCT.

plane using GLCT, and Fig. 11(b) shows the corresponding
estimated IRF curve.

With the help of the IRF curve, the tested signal is re-
sampled to the angular domain signal. Furthermore, it is simi-
lar to the numerical simulation, and sample point per rotation
is 1150.5. The angular domain signal is shown in Fig. 12(a).
Fig. 12(b) displays the order spectrum of the angular domain
signal, for which only shaft orders 1 and 2 are detected.
Fig. 12(c) shows the order spectrum of the filtered signal
by the AW algorithm. Similarly, shaft orders 1 and 2 are
extracted without any fault information. ASA is applied to
eliminate the unrelated components and the order spectrum
of the output signal by ASA is shown in Fig. 12(d). No fault
features are expressed in the configuration. In Fig. 12(e),
only shaft order 1 and harmonics 2 are presented, which is
provided by WHT. Fig. 12(f) shows the order spectrum of
the purified signal by the proposed method. Considering the
theoretical FCO of the inner race, we obtain 4.95, 9.85 and
14.8 in Fig. 12(f), which correspond to 1 × FCO, 2 × FCO
and 3 × FCO, respectively. Meanwhile, shaft orders 1 and 2
are detected. From the comparison results, the ability of the
proposed method to purify signals is testified.

B. OUTER RACE FAULT DETECTION
Similarly, the length of the collected signal is 12.8 s
which is also measured in speed variation, and we choose
165600 samples as the tested signal. The rotation frequency
is decreased from 40 Hz to 15 Hz. Therefore, the central
frequency and bandwidth are 25 Hz and 25 Hz, respectively.

Fig. 13(a) and (b) show the waveform of the tested signal and
its corresponding envelope spectrum, respectively. From the
configurations, no useful information can be detected. The
waveform of the down-sampled signal is shown in Fig. 13(c).

The tested signal is down-sampled and the sampling
frequency is reduced to 200 Hz. The TFR of the filtered
signal by STFT is shown in Fig. 14(a). Fig. 14(b) shows the
corresponding IRF curve estimation. Unfortunately, the esti-
mated IRF curve is inaccurate due to the energy leakage
in the low frequency plane. GLCT validly characterizes
the time-varying procedure of the rotating shaft, which is
displayed in Fig. 15(a). Fig. 15(b) is the corresponding IRF
curve. On the basis of the IRF curve, the re-sample technique
is introduced to transfer the time domain signal into the
angular domain signal and the decided sample point per
rotation is 1503.9.

Fig. 16(a) presents the angular domain signal, and
Fig. 16(b) shows the order spectrum of the angular domain
signal. On the basis of the theoretical FCO of an outer race
fault, Fig. 17(b) displays the interferential orders and fault
features of 3.05, 6.1, 9.1, and 12.15. The detected fault fea-
tures are accompanied by the shaft order interferences. The
order spectrum results of the AW algorithm and ASA are
shown in Fig. 16(c) and (d), respectively, in which the former
only provides shaft orders 1, 2, and the latter shows shaft and
fault orders 2, 4.93 and 3.07, 12.13. FromFig. 16(e), theWHT
method cannot eliminate interferential orders. In contrast,
Fig. 16 (f) only exhibits 3.05, 6.1, 9.1 and 12.15, which
approaches 1 × FCO, 2 × FCO, 3 × FCO and 4 × FCO,
respectively. The fault features are clearly detected without
any interference. The experimental results reveal that the
proposed method is available for fault detection.

C. BALL FAULT DETECTION
In this section, the proposed method is tested for the ball
defection. The collected signal length is the same as that in
the above two cases, and for computation efficiency, we only
truncate the length to 3.9 s for the tested signal. The speed
range is set between 600-2400 rev/min, and thus, the central
frequency and bandwidth parameters of the band-pass filter
are set as 24 Hz and 20 Hz, respectively. Fig. 17(a) and (b)
show the waveform of the raw signal and the corresponding
envelope spectrum. No fault information can be detected in
the above two configurations. To eliminate influence of the
speed variation of the shaft, we will transform the raw signal
into the angular domain. The first step is to down-sample
the raw signal then the sampling frequency is decreased to
200 Hz. The waveform of the down-sampled signal is shown
in Fig. 17(c).

STFT is applied to calculate the TFR of the filtered signal,
and its result is shown in Fig. 18(a). Fig. 18(b) shows the
corresponding estimated IRF curve. Apparently, the curve
is inaccurate, which is the result of the poor time-frequency
resolution of STFT. Fig. 19(a) displays the rotation frequency
component of the filtered signal in the time-frequency plane
using the GLCT method. The corresponding IRF curve
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FIGURE 24. Angular domain signal: (a) waveform of the angular domain signal, (b) order spectrum of the angular domain
signal, (c) order spectrum of AW output signal, (d) order spectrum of ASA output signal, (e) order spectrum of WHT output
signal, (f) order spectrum of ACVTD output signal.

estimation is presented in Fig. 19(b). Obviously, the GLCT
method effectively characterizes the shaft speed variation.

With the help of the extracted IF curve, we obtain
the sample point per rotation is 1562.7 according to the

minimum IRF. The raw signal is transferred into the angular
domain by even-angle increments. The angular domain signal
is shown in Fig. 20(a), and its envelope spectrum is presented
in Fig. 20(b). Although there are several peaks in the order

67516 VOLUME 8, 2020



Y. Liu et al.: Adaptive Cross-Validation Thresholding De-Noising Algorithm

spectrum, none of them belong to fault features. Only the
shaft order and its harmonic are shown in Fig. 20 (c) using
the AW method. The order spectrum results of the ASA and
WHT methods are shown in Fig. 20(d) and (e), which are
similar to Fig. 20(b). The ACVTD method has the ability
to separate the fault components from synthetic signals. The
effectiveness of ACVTD is testified by filtering the angular
domain signal; the corresponding order spectrum result is
shown in Fig. 20(f). Referencing the theoretical FCO of a
ball fault of 1.99, the extracted three peaks of 7.95, 11.95 and
19.8 approach 4×FCO, 6×FCO and 10×FCO, respectively.
From the above comparison results, it is easily verified that
ACVTD is an available method to highlight fault components

D. NORMAL CASE
Unlike the above three experiments, the healthy bearing is
installed, and its operation conditions are also variable. In this
experiment, the range of the shaft speed is 900-2400 rev/min,
and the signal lasts for 5.27 s. The present technique is again
applied to process the collected raw signal. Fig. 21(a) and (b)
display the waveform of the raw signal and its corresponding
envelope spectrum. No useful information can be detected
from the two configurations. The waveform of the down-
sampled signal is shown in Fig. 21(c).

In the same way, the vibration signal is down-sampled
and the sampling frequency is reduced to 200 Hz. We set
the central frequency and bandwidth to 28 Hz, which are
decided by the range of the shaft speeds in the data acquisition
process. STFT provides a poor time-frequency in Fig. 22(a),
which leads to the inaccurate result in Fig. 22(b). In contrast,
Fig. 23(a) clearly exhibits the time-varying procedure of the
rotating shaft, which is obtained by the GLCT method. The
corresponding estimated if curve is shown in Fig. 23(b).

On the basis of the extracted IRF curve, we re-sample
the raw signal into the angular domain by the re-sampling
technique with even-angle increments (the sample point per
rotation is 1396.7). Fig. 24(a) and (b) display the angular
domain signal and its order spectrum. Except shaft orders 2,
2.9 and 7, which are easily detected, many unrelated com-
ponents are introduced at the same time. Only the shaft
order 1.1 and its harmonic 3 are presented in Fig. 24(c),
and we would not find more related information in the order
spectrum. There are no clear peak values at the shaft order
harmonics in Fig. 24(d), which is processed by the ASA
method. Comparing Fig. 24(e) with Fig. 24(b), the result
obtained by wht is similar to that of the classical method.
ACVTD is applied to eliminate the unrelated components;
the corresponding order spectrum is shown in Fig. 24(f).
Unlike Fig. 24(b) and (e), the shaft order harmonics 2, 3,
3.9 and 6.9 are clearly detected without any interference.
Although most of the aforementioned methods can extract
features, we will calculate the SNR of the filtered signal to
further verify the anti-noise ability of the ACVTD method.
The AW, ASA, WHT and ACVTD methods corresponding
results are shown: −3 dB, −14.3 dB, 9.7 db, and −22 dB.
From the obtained results, the filtered signal by WHT has

the highest SNR. However, the unrelated components are
introduced simultaneously to impact the ability of features
extraction.

VI. DISSCUSSION
The effectiveness and superiority of the ACVTD based EOS
method has been validated from the numerical simulation and
experimental results. In this paper, the characteristics of the
collected raw signal are non-stationary under variable speed
conditions. Bymeans of the TLOT technique based onGLCT,
the raw non-stationary signal is transferred to the angular
domain by the re-sampling technique.We avoid installing any
hardware equipment in industrial applications to obtain rota-
tion speed information. However, the errors of the actual and
estimated speeds become bigger when the tested elements
change speed rapidly.

In the quasi-stationary domain, ACVTD is applied to
purify the angular domain signal to enhance the performance
of the EOS method. This method has some advantages, for
example, the signal can be processed automatically with
high flexibility and adaptability, and it does not rely on
any prior knowledge of the tested signal for fault diagnosis.
Nevertheless, this method consists of two parts (for kurtosis
computation and threshold searching), which may increase
the calculation costs.

VII. CONCLUSION
A method has been proposed to extract the fault charac-
teristic orders of rolling element bearings under variable
speed conditions. The procedures of the present method
include the following: (1) GLCT is employed to generate the
time-frequency representation of the raw signals of bearings
to obtain a high resolution IRF curve. (2) On basis of the
extracted IRF curve, the raw signal is re-sampled into the
angular domain. (3) To purify the angular domain signal,
the ACVTD algorithm is applied based on its powerful adap-
tive noise cancellation ability without any prior knowledge
of noise level. (4) The EOS method is finally employed to
extract the FCO. The performance of the present method is
verified by numerical simulations and experimental inves-
tigations. Compared with AW, ASA and WHT, the ability
of the proposed method to accurately extract FCO is
superior.

It is expected that the proposed method can be extended to
the non-stationary signal processing of vibrations, acoustics,
currents, temperatures, etc.
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