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Rolling bearings are vital components in rotary machinery, and their operating condition aﬀects the entire mechanical systems. As
one of the most important denoising methods for nonlinear systems, local projection (LP) denoising method can be used to reduce
noise eﬀectively. Afterwards, high-order polynomials are utilized to estimate the centroid of the neighborhood to better preserve
complete geometry of attractors; thus, high-order local projection (HLP) can improve noise reduction performance. This paper
proposed an adaptive high-order local projection (AHLP) denoising method in the ﬁeld of fault diagnosis of rolling bearings to
deal with diﬀerent kinds of vibration signals of faulty rolling bearings. Optimal orders can be selected corresponding to
vibration signals of outer ring fault (ORF) and inner ring fault (IRF) rolling bearings, because they have diﬀerent nonlinear
geometric structures. The vibration signal model of faulty rolling bearing is adopted in numerical simulations, and the
characteristic frequencies of simulated signals can be well extracted by the proposed method. Furthermore, two kinds of
experimental data have been processed in application researches, and fault frequencies of ORF and IRF rolling bearings can be
both clearly extracted by the proposed method. The theoretical derivation, numerical simulations, and application research can
indicate that the proposed novel approach is promising in the ﬁeld of fault diagnosis of rolling bearing.

1. Introduction
Rolling bearings are of vital importance in rotary machinery
systems, and they are prone to failures due to the complex
running conditions [1]. The performance of rolling bearings
can aﬀect the reliability of operation of the entire system
directly. Therefore, it is of great signiﬁcance to conduct fault
diagnosis of rolling bearing. At present, structural health
monitoring of rolling bearing usually relies on analyzing its
vibration signal [2–4]. During the operation of mechanical
systems, the machine is usually accompanied by strong nonlinear and nonstationary vibrations, and the rolling bearing
failure will further cause the unexpected vibration of other
components, so the measured vibration signals are generally
mixed with or submerged in vibration signal of other parts
and background noise [5, 6]. The denoising of vibration

signal of faulty rolling bearing contributes to extracting the
fault frequency of the faulty rolling bearing, to achieve the
fault identiﬁcation and diagnosis of rolling bearing, while
the vibration signals collected from mechanical systems usually have nonlinear and nonstationary characteristics, which
make denoising methods based on linear systems unsuitable
[7, 8]. The rolling bearing vibration signals collected from
operating mechanical systems are usually taken as chaotic
signals [9, 10]. For nonlinear time series, useful information
would be mistakenly ﬁltered out if traditional linear denoising methods are conducted, which will subsequently result
in distortion and deformation of the original signal [11].
There are some methods developed for nonlinear and nonstationary signal analysis, such as wavelet packet decomposition (WPD) [12–14], singular value decomposition (SVD)
[15, 16], and ensemble empirical mode decomposition
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(EEMD) [17]. While they rely on characteristic frequency
components of the collected signal to some extent, however, it is diﬃcult to extract the fault frequencies if the
rolling bearing has incipient fault. On that occasion, the
fault frequencies of rolling bearing would be submerged
in all disturbing frequencies.
The denoising method based on phase space reconstruction has gradually become one of the most important tools to
research nonlinear and nonstationary signals. A time series
can be reconstructed into high-dimensional phase space
through delay embedding, and the reconstructed phase space
is diﬀeomorphic to original dynamic system, i.e., they have
the same dynamic characteristics [18–21]. The dynamic
characteristics contained in one-dimensional nonlinear
time series can be revealed and extracted by studying the
motion characteristics and distribution of attractor in
high-dimensional phase space. The advantage of highdimensional signal processing has also been veriﬁed in
the ﬁelds biomedical science and communication engineering [22, 23]. The noise can be ﬁltered out by adopting different projection ways of high-dimensional phase space.
For instance, smooth orthogonal decomposition (SOD)
[24–26] projects the points in a high-dimensional phase
space into diﬀerent subspaces to reduce noise, and characteristic frequencies of the original time series can be extracted.
The main idea of the local projection algorithm was originally proposed to conduct noise reduction [27, 28]. It projects the points in the neighborhood onto the attractor,
correcting the raw data by projecting into a few principle
directions, which are preferred by locally smoothed data.
The local projective ﬁlter method was improved to correct
the location of points in phase space by determining locations of neighboring points [29]. The noise is reduced by
requiring locally linear relations among the delay coordinates
and moving delay vectors closer to smooth manifolds. Then,
the local projective ﬁlters had been employed in spheres
ranging from biology signal analysis [30] to space signal analysis [31]; the general framework of local projection was
adopted to analyze signals from particular systems, such as
being applied to remove interferential artifacts from an
electroencephalography (EEG) signal among them. A local
projection stabilized and characteristic decoupled scheme
aiming at the ﬂuid-ﬂuid interaction problems was proposed.
It can reﬂect the extensive applications of the local projective
method [32]. More recently, the parameters of the local
projection ﬁltering method were optimized and applied to
noisily observed variations in light intensity between the star
and its observer [33]. Subspace was proposed to eliminate
noise subsequently, and the sequences of temporally successive points in phase space are projected to the relative
position of neighboring strands [24–26]. Among SOD,
noises in the data are reduced by projecting to the tangent
subspace. The vector directions of the projection can make
sure the variance as maximum as possible, and the motions
obtaining along these vector directions are the smoothest in
terms of time.
The centroid selection of local neighborhoods is of vital
importance in the local projection method to estimate the
neighborhood correctly. The ﬁrst-order statistics and the
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Table 1: The algorithm of standard LP denoising method.
(1) Select appropriate embedding dimension m and delay time τ to
reconstruct noisy time series into m dimensional phase space.
(2) Determine neighborhood U n for one phase point.
(3) Calculate centroid of its neighborhood by ﬁxed neighborhood
numbers.
(4) Calculate covariance matrix C of its phase point neighborhood
and then conduct eigenvalue decomposition to obtain eigenvector aq
corresponding to m − m0 smaller eigenvalues. q = 1, 2, … , m − m0 .
(5) Subtract the projection of the phase point in noise subspace by
m−m0

Xn ′ = Xn − R−1 ∑ aq aq ⋅ R Xn − Xn ,
q=1

where R is a diagonal weight matrix, aiming at inhibiting the
distortion of ending elements of phase points and reserving the
middle stable elements (R11 and Rmm were set as 103; Rii values
were set as 1 in our research). Xn is the centroid of neighborhood;
X n′ denotes the denoised signal.
(6) Get back to step (2) and repeat subsequent steps until all phase
points are processed.

second-order statistics have been widely used in the analysis
of mechanical vibration signals, and these methods are theoretically applicable to the analysis of linear and Gaussian signal [29, 34, 35]. While for nonlinear and nonstationary
signals, higher orders can be utilized to better reﬂect the signal characteristics, and high-order polynomials have been
used to estimate the centroid of neighborhood among LP
denoising method in the ﬁeld of medical signal processing
[36] and thermodynamics [37]. Compared with LP denoising method employing the ﬁrst- and the second-order statistics, HLP denoising method employing higher-order
statistics has the advantages in reducing noise and extracting characteristic frequencies, by adapting to phase space
nonlinearity. The extension to HLP denoising method
can reduce noise more eﬀectively than previous LP ﬁltering [34–37]. In this paper, by employing high-order polynomials to calculate the centroid of neighborhood during
the LP procedures, the HLP was ﬁrstly adopted to denoise
the vibration signals of faulty rolling bearing to extract its
fault characteristic frequencies.
This paper proposes a novel approach called AHLP
denoising method aiming at fault diagnosis of rolling bearings. In the proposed AHLP denoising method, except
adopting high-order polynomials to calculate the centroid
of neighborhood, optimal orders of dealing with diﬀerent
kinds of rolling bearing faults can be further estimated to
achieve a better denoising eﬀect. The AHLP denoising
method can better denoise the vibration signal of faulty rolling bearing to extract its fault characteristic frequencies
among all disturbing frequencies, which contributes to the
ﬁeld of fault diagnosis of rolling bearing. The organization
of this paper is as follows: Section 2 introduces the methodologies of standard LP, HLP, and AHLP denoising methods
and illustrates the scheme of AHLP denoising method in
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Figure 1: Consider a cloud of points around a curve. (a) The mean of phase points of neighborhood is estimated as centroid of neighborhood.
(b) The second-order polynomial is used to estimate the centroid of neighborhood.
Table 2: The ai value of diﬀerent orders in HLP denoising method.
1
1
1
1
1
1
1
1
1

1
2
3
4
5
6
7
8

1
3
6
10
15
21
28

1
4
10
20
35
56

1
5
15
35
70

1
6
21
56

1
7
27

fault diagnosis of rolling bearing. Section 3 introduces the
vibration signal model of faulty rolling bearings and presents
numerical simulations including simulated vibration signals
of ORF and IRF rolling bearings. By choosing diﬀerent orders
to denoise simulated signals and extract characteristic frequencies, the optimal orders are obtained. Section 4 presents
the applications to bearing monitoring with two diﬀerent
practical experimental signals to validate the proposed
method. The conclusions of the researches and necessary
discussions are given in Section 5.

2. Methodology
2.1. Standard Local Projection Denoising Method. Assuming
that x 1 , x 2 , … , x N ∈ R is a time series of length N
extracted from a chaotic system, then it can be embedded
in phase space with appropriate embedding dimension and
delay time based on the embedding theorem [18–20]. The
reconstructed phase space has the same diﬀeomorphism as
the original time series, namely, they have the same dynamic
characteristics. The reconstructed phase space can be
expressed as follows:
Xn = xn− m−1 τ , xn− m−2 τ , … , xn ,

1

where Xn denotes the nth phase point in reconstructed phase
space, m is the embedding dimension, and τ is the delay time.
The minimum embedding dimension m needs to meet the

1
8

1

Order

ai

1
2
3
4
5
6
7
8

[1]
[2, −1]
[3, −3, 1]
[4, −6, 4, −1]
[5, −10, 10, −5, 1]
[6, −15, 20, −15, 6, −1
[7, −21, 35, −35, 21, −7, 1]
[8, −28, 56, −70, 56, −28, −1]

criterion m ≥ 2d + 1, when fractional dimension of system
attractor is d. Under this circumstance, the reconstructed
phase space is diﬀeomorphic to the original dynamic system,
namely, they have the same dynamic characteristics. In m
dimensional phase space, the attractor that reﬂects dynamic
behavior of system is usually conﬁned to a low-dimensional
subspace of m0 d < m0 < m . When there is no noise interference, zero subspace of m − m0 exists. When noise is present, it is randomly distributed in phase space, and the
components from subspace of m − m0 are generated by noise.
For each phase point, eigenvalue decomposition is conducted
to deal with covariance matrix composed by all phase points
within neighborhood. The subspaces corresponding to m0
larger eigenvalues are taken as signal subspace, while other
m − m0 smaller eigenvalues correspond to the noise subspace. The LP denoising method is aimed at ﬁnding the
abovementioned noise subspace and then subtract the projection of phase points in this subspace. The algorithm of
the LP method is given in Table 1.
During step (1), embedding dimension m and delay time
τ are critical parameters. The bigger embedding dimension m
contributes to overembedding to fully extract the characteristics of the time series, but meanwhile, it decreases the computational eﬃciency. The smaller time delay τ can make
neighborhood points closer to the attractor. Hence, in this
paper, the mutual information method [38] is adopted to
determine delay time τ, and then the proposed method by
CAO [39] is used to determine embedding dimension m.
As for step (3) of standard LP denoising method, the method
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Figure 2: The scheme of AHLP denoising method in fault diagnosis of rolling bearing.

was proposed by using mean of phase points of neighborhood as centroid of neighborhood [34, 35].
Xn =

1
〠X
U n k∈U k

2

n

This method may generate certain errors because of local
linearization; the centroids of each neighborhood are secants
instead of tangents and all centroids (blue circles) are shifted
inward regarding the curvature, as shown in Figure 1(a).
Afterwards, a method of estimating the centroid by using

the second-order polynomial was developed to further
suppress noise [29].
Xn′ = 2Xn −

1
〠X,
U n k∈U k

3

n

where a tangent approximation is obtained by shifting the
centroid of neighborhood outward regarding the curvature.
The illustration is shown in Figure 1(b), where the ﬁlled
circle denotes the centroid of phase points of adjacent
neighborhoods, and the square is the modiﬁed centroid.
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Table 3: The parameters of the vibration signal model of ORF
rolling bearing.
A0

fm

fo

τi

fn

CA

φA

φw

B

3

0

100

0.01

2000

1

0

0

800

Taylor polynomial more accurately. Through induction and
deduction, it can be obtained that as for each j, n ∈ N,
Iδ j f n x =

1

−

δ

n+j
j

Essentially, the method is performed by moving the
centroid outward to make it approximately tangent to
the hyperplane of projection. The above two methods are
referred here as standard LP denoising method.
2.2. High-Order Local Projection Method. The method was
proposed by applying high-order polynomials to estimate
the centroid of the neighborhood more accurately. Significant achievements have been obtained by high-order
algorithms in medical signal processing [36] and thermodynamics [37], because it can reﬂect mathematical
characteristics more accurately. In this paper, this method
is referred as the HLP denoising method. The basic principle is explained below.
As for any real number δ > 0, deﬁne a continuous moving
average operator as I δ .
Iδ f x =

1
2δ

x+δ

f t dt,

4

x−δ

where f t is a time series, and δ is shift step length.
The eﬀect of the LP denoising method is enhanced by
considering using the linear combination of the ﬁrst and
the second orders to estimate the centroid of neighborhood,
thus improving the denoising eﬀect. Hence, it can be
inferred that
f n 0 = a1 I δ f n 0 + a2 I δ 2 f n 0 ,

5

where f n = 0 is applicable to all monomials, when n = 0,
f n x = 1, and when n ≠ 0, f n x = xn , 0 ≤ n ≤ nmax , while
nmax is supposed to be as large as possible. As for any odd
number, both sides of (5) are 0. Setting n = 0 and n = 2
results in a system combined with two linear equations,
which have unique solution a1 = 2 and a2 = −1 In the m
dimensional Euclidean space, the centroid of all phase
points within a ball of radius δ is equivalent of moving average operator I δ . In this way, the second-order LP denoising
method was proposed. If (5) is applicable to all monomials,
f n x = xn , 0 ≤ n ≤ 3, which means
p3 x = a1 I δ p3 x + a2 I δ 2 p3 x ,

6

where p3 x holds accurately for the third-order Taylor
polynomial of any thrice diﬀerentiable function. As for
p3 x in (6), which is analogue of f n 0 in (5), it holds
exactly for multivariate Taylor polynomials of higher order
up to three in each variable.
Then for the HLP denoising method, the linear combination of I iδ needs to be identiﬁed to represent higher-order

×〠
r=0

1
2
j

j

n
n+j
−1

r

x + 2r − j δ

7
n+j

r

This formula is used to prove that as for k = 1, 2, … , 20,
the system constituted by k linear equations has the unique
solution. The system and the solution are as follows:
k

f n 0 = 〠 ai I iδ f n 0 ,

n = 0, 2, … , 2 k − 1 ,

8

i=1

ai = −1

i−1

k
i

,

i = 1, 2, … , k

9

Obviously, all coeﬃcients determined by (9) include two
situations of estimating centroid of neighborhood when
order is 1 and 2, namely, i = 1 [34] and i = 2 [29]. The equation also expands the estimation of centroid of neighborhood
to higher orders i ≥ 3 such as i = 1, 2, … , k The diﬀerence
between algorithms of standard LP and HLP denoising
methods lies in the 3rd step of all procedures as shown in
Table 1. The 3rd step of the standard LP denoising method
uses the mean and second-order polynomial to calculate
the centroid of the local neighborhood. As for HLP denoising
method, higher-order polynomials are utilized to estimate
the centroid.
In this paper, the orders up to 8 are analyzed. In mathematics, binomial coeﬃcients refer to a set of positive integers
appear in binomial theorem as coeﬃcients. They are indexed
by two nonnegative integers, namely, k and i, which are the
coeﬃcients of xi term in the polynomial expansion of
binomial power 1 + x k . Under appropriate situations, the
k
is set by k /i k − i . Arrangvalue of the coeﬃcient
i
ing binomial coeﬃcients into rows for i changes from 1 to k.
Thus, during the algorithm, the solutions ai of diﬀerent
orders can be derived and calculated as given in Table 2.
The left side shows the coeﬃcients of deployed high
polynomials.
2.3. Adaptive High-Order Local Projection Denoising Method.
As mentioned above, as a denoising reduction method, LP
method has been veriﬁed to be eﬀective in reducing noises
existing in vibration signals of rolling bearings after theoretical derivation and extensive tests. Estimation of the centroid
of the neighborhood by using high-order polynomials is beneﬁcial to achieve better denoising eﬀect; hence, HLP denoising method is adopted in this paper to deal with vibration
signals of faulty rolling bearings. Owing to the reason that
vibration signals of ORF and IRF rolling bearings have diﬀerent nonlinear geometric structures, denoising eﬀects of different orders diﬀer, so the optimal orders of diﬀerent kinds
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Figure 3: Time and frequency domain plots of simulated vibration signal of ORF rolling bearing.
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Figure 4: Time and frequency domain plots of simulated noisy signal of ORF rolling bearing.

Table 4: The SNRs of denoised signal with diﬀerent orders.
Order
SNR

1
8.92

2
9.73

3
10.21

4
11.62

5
8.50

6
5.61

7
5.09

8
4.43

of faults are diﬀerent. By choosing the optimal orders before
conducting denoising process, a novel AHLP denoising is
hereby proposed in this paper, and the scheme of the proposed method is illustrated in Figure 2.

3. Numerical Simulations
3.1. Vibration Signal Model of Faulty Rolling Bearing. The
vibration signal model of faulty rolling bearing used hereinafter was proposed by Randall et al. [40–42], and it takes rolling
bearing’s construction (geometry), tolerance, amplitude
modulation, ball sliding, surface wear, and other factors into
consideration. This bearing model has been successfully

applied in related researches [42–44]. The main faults of rolling bearing include local pitting on the inner ring, outer ring,
and rolling element, which are caused by shock eﬀects on the
rolling bearing and other parts during the operation of the
entire system. The frequency of the periodic impact reﬂects
the type of rolling bearing faults. A local pitting often encourages the system to produce vibration of the inherent frequency of the rolling bearing or the system. During the
operation of the rolling bearing, the absolute position of pitting may change periodically versus sensor position. For
instance, when a local pitting occurs on the inner ring, the
absolute position of the local pitting would change with the
rotation speed periodically, and when it occurs on the rolling
element, the absolute position would change with the rotation period of bearing retainer periodically. Since the rotation
period of the absolute position of a local pitting is greater
than the period of shock, the shock is modulated distinctively. Compared to the derivative of resonant frequency,
the shock time is rather short and usually decays rapidly.
Under a steady-state condition, it can be considered that
modulation amplitude does not change during the process
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Figure 5: Time and frequency domain plots of denoised signal of ORF rolling bearing.
Table 5: The SNRs of denoised signal with diﬀerent orders.
Order
1
2
SNR 3
4
5

1

2

3

4

5

6

7

8

8.92
10.17
11.65
12.76
12.83

9.73
12.42
12.45
14.34
13.78

10.21
15.65
14.90
18.25
14.67

11.62
15.63
16.85
19.79
17.01

8.50
12.46
14.70
16.80
14.38

5.61
10.30
13.97
13.46
13.78

5.09
8.89
10.45
12.38
11.79

4.43
7.06
7.90
10.66
11.51

of shock oscillation, and the oscillation signals caused by each
shock are the same.
Deﬁne T as the period of shock and s t as the shock
oscillation caused by a pitting fault. Assume that the amplitude of ith shock is Ai . There are generally strong ambient
noises since the working environment of rolling bearing is
relatively poor. Thus, the model considers the interference
of additive noises n t , which are assumed to be stationary
random noises of zero mean. Hence, the vibration signal
model of faulty rolling bearing m t is expressed as follows:
M

m t = 〠 Ai ⋅ s t − iT − τi + n t ,
i=1

Ai = A0 ⋅ cos 2πf m t + φA + C A ,

10

s t = exp −Bt ⋅ cos 2πf n t + φw ,
where A0 is amplitude modulation factor function, f m is
modulation frequency, s t is shock oscillation, τi is tiny slippage between rolling element and raceway, f n is system resonant frequency of rolling bearing, φA , φw and C A are arbitrary
normal numbers, and B is the intensity of resonance. The
signiﬁcant distinction between vibration signals of simulated ORF and IRF rolling bearings is when it comes to
ORF rolling bearing that f m equals to 0 Hz, while when
it comes to IRF rolling bearing that f m equals to f r (f r denotes
rotation frequency).
3.2. Numerical Simulation of ORF Rolling Bearing. Based on
the vibration signal model of faulty rolling bearing in Section

Table 6: The parameters of the vibration signal model of IRF
rolling bearing.
A0

fm
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φw

B

3

20
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1

0

0

800

3.1, as for the ORF rolling bearing, f m was set as 0 Hz in our
research; f o denotes the fault frequency of ORF rolling bearing. The parameters of the simulated vibration signal of ORF
rolling bearing are set as shown in Table 3 in this paper. The
sampling point is N = 4096 and the sampling frequency is
f s = 4096Hz . To verify the eﬀectiveness of HLP denoising
method in real situations, where the collected signal normally
has noise, therefore, Gaussian white noise is added in numerical simulations. The power spectral density of Gaussian
white noise is uniformly distributed, and its amplitudes obey
the Gaussian distribution, making it is suitable for simulation
analysis. Here, Gaussian white noise is added to the original
signal, and the signal noise ratio (SNR) is 1. The time and frequency domain plots of the simulated vibration signal of
ORF rolling bearing are shown in Figure 3. The time and frequency domain plots of the simulated noisy signal of ORF
rolling bearing are shown in Figure 4. The time domain of
the ﬁrst 0.25 s of the signal is analyzed speciﬁcally to show
the eﬀectiveness of the HLP denoising method and clarify
diﬀerent characteristics between vibration signals of ORF
and IRF rolling bearings.
It can be observed from the time and frequency domain
plots in Figure 3 that the vibration signal of ORF rolling bearing has periodic characteristic. The frequency domain plot
shows fault frequency f o = 100 Hz and its harmonic frequencies containing second, third, and fourth harmonic frequency. By conducting HLP denoising method towards
simulated noisy ORF signal with diﬀerent orders, the
denoised signal with diﬀerent SNRs can be obtained as
shown in Table 4.
It can be seen from Table 4 that when the original SNR is
1, the SNRs of the denoised signal with diﬀerent orders
increase along with the order until 4 and then decrease all
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Figure 6: Time and frequency domain plots of simulated vibration signal of IRF rolling bearing.
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Figure 7: Time and frequency domain plots of simulated noisy signal of IRF rolling bearing.
Table 7: The SNRs of denoised signal with diﬀerent orders.
Order
SNR

1
6.91

2
7.28

3
7.73

4
7.62

5
7.20

6
6.72

7
5.07

8
4.52

the way. The time and frequency domain plots of the
denoised vibration signal of ORF rolling bearing, when the
order of HLP denoising method is 4, are shown in Figure 5.
As shown in Figure 5, the characteristic frequencies f o
and its resonant frequencies can be clearly extracted under
the inﬂuence of noise. The characteristic frequency amplitudes are obvious. The result veriﬁes the eﬀectiveness of
HLP denoising method to extract the fault frequencies of
vibration signal of ORF rolling bearing. To obtain the optimal orders for HLP denoising method aiming at vibration
signal of ORF rolling bearing, Gaussian white noise with different SNRs, SNR = 1, 2, 3, 4, 5, respectively, is added to the
original simulated ORF signal. Then, diﬀerent SNRs of diﬀerent denoised results are obtained, as shown in Table 5.
When the SNR is bigger than 5, which implies there are
not too much additive noises in the signal, the HLP can

achieve proper denoising eﬀect in most cases. Hence, the
above simulations are conducted to ﬁnd optimal orders aiming at vibration signal of ORF rolling bearing. As shown in
Table 5, the primary optimal order of HLP denoising method
is 4. In one case, the optimal order is 3, and SNR is only a little bit higher than the situation when the order is 4. Because
of some uncertain parameters in vibration signal model of
faulty rolling bearing, the slight ﬂuctuation of optimal order
can be accepted. Therefore, it can be concluded that the optimal order for vibration signal of ORF rolling bearing is 4.
3.3. Numerical Simulation of IRF Rolling Bearing. Based on
the vibration signal model of faulty rolling bearing in Section
3.1, as for the IRF rolling bearing, f m and f r were set as 20 Hz
in our research; f i denotes the fault frequency of IRF rolling
bearing. The parameters of the simulated vibration signal of
IRF rolling bearing are set as shown in Table 6 in this paper.
The sampling point is N = 2048 and the sampling frequency
is f s = 4096 Hz Similar to that in Section 4.1, Gaussian white
noise is added to the original signal, and the SNR is 1. The
time and frequency domain plots of the simulated vibration
signal of IRF rolling bearing are shown in Figure 6. The time
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Figure 8: Time and frequency domain plots of the denoised signal of IRF rolling bearing.
Table 8: The SNRs of denoised signal with diﬀerent orders.
Order

SNR

1
2
3
4
5

1

2

3

4

5

6

7

8

6.91
7.68
8.14
8.73
8.82

7.28
8.04
8.25
8.81
9.25

7.73
8.54
8.66
9.03
9.32

7.62
8.30
8.41
8.70
8.59

7.20
6.62
8.12
8.44
8.15

6.72
6.61
6.55
7.50
8.06

5.07
5.93
6.53
7.17
7.73

4.52
5.12
5.89
6.81
7.01

and frequency domain plots of the simulated IRF noisy signal
are shown in Figure 7. The time domain of the ﬁrst 0.25 s of
the signal is analyzed speciﬁcally to show the eﬀectiveness of
HLP denoising method and clarify diﬀerent characteristics
between vibration signals of ORF and IRF rolling bearings.
It can be observed from the time and frequency domain
plots in Figure 6 that the vibration signal of IRF rolling bearing has periodic characteristic. The frequency domain plot
shows fault frequency f i = 100 Hz and its harmonic frequencies containing the second, third, and fourth harmonic frequency. In addition to characteristic frequencies, there are
sideband frequencies with modulation frequency f m = f r =
20 Hz and the resonant frequencies are f i ± f r , 2f i ± f r , 3
f i ± f r , … and f r = 20 Hz in the low-frequency range.
Apply the HLP denoising method towards the noisy IRF
signal with diﬀerent orders that result in the denoised signals with diﬀerent SNRs, as shown in Table 7.
It is clear from Table 7 that, when the original SNR is 1,
the SNRs of the denoised signal with diﬀerent orders increase
with the order until 3 and then decrease all the way. The time
and frequency domain plots of the denoised ORF noisy signal, when order of HLP denoising method is 3, are shown
in Figure 8.
As shown in Figure 8, the characteristic frequencies f o
and its resonant frequencies f i ± f r , 2f i ± f r , 3f i ± f r , …
and f r = 20 Hz can be clearly extracted under the inﬂuence
of noise. The characteristic frequency amplitudes are obvious. The result demonstrates the eﬀectiveness of HLP denoising method in extracting fault frequencies of the vibration
signal of IRF rolling bearing. To obtain the optimal orders

for HLP denoising method aiming at vibration signal of
IRF rolling bearing, Gaussian white noise with diﬀerent
SNRs, SNR = 1, 2, 3, 4, 5, respectively, is added into original
simulated IRF signal. Then, diﬀerent SNRs of diﬀerent
denoised results are obtained, as shown in Table 8.
As shown in Table 8, the optimal order of the HLP
denoising method is 3. Diﬀerent from the situation when
HLP denoising method is applied to ORF signal, the optimal
order is a constant. Therefore, it can be obtained that the
optimal order for HLP denoising method aiming at the vibration signal of IRF rolling bearing is 3.

4. Applications to Fault Diagnosis of ORF and
IRF Rolling Bearings
Through numerical simulations, the proposed novel AHLP
denoising method is applied to deal with vibration signals
of ORF and IRF rolling bearings successfully, and there are
certain optimal orders for diﬀerent faults of rolling bearing.
By choosing optimal order of HLP, the best denoising eﬀect
can be obtained. Here, two cases of test data are used to validate the eﬀectiveness of the proposed AHLP denoising
method in this paper.
4.1. Application to Processing of Intelligent Maintenance
System Bearing Data. To verify the eﬀectiveness of the proposed method in application to fault diagnosis of rolling
bearing, the bearing data from Intelligent Maintenance Systems (IMS) Center of University of Cincinnati [45] is used
to verify the proposed method. Three datasets are included
in the downloaded data packet, and a test to failure experiment was conducted and dataset was collected by NI DAQ
Card 6062E during no. 2 experiment. The 772nd data of
no. 2 dataset was used to verify the eﬀectiveness of the proposed method in this paper. The schematic diagram of the
experimental apparatus and the position of sensors are
shown in Figure 9. Four Rexnord ZA-2115 rolling bearings
were installed on the shaft, and PCB 353B33 accelerometers
were installed vertically on the bearing houses. The rotational
speed was 2000 r/min, facilitated by an AC motor, namely,
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Figure 9: The schematic diagram and a picture of the apparatus [45].
Table 9: Rolling element bearing parameters.
Rolling element bearing parameters of ZA-2115 (diameter/cm)
Ball number n
16

Contact angle α

Ball diameter dr

Pitch diameter Dw

15.17

0.331

2.815

Table 10: Bearing characteristic frequencies.
Fault type

Table 11: Characteristic frequencies of Rexnord ZA-2115
rolling bearing.

Failure frequency

Defect on inner race

f i = 0 5n 1 + dr cos α/Dw f r

Fault type

Defect on outer race

f o = 0 5n 1 − dr cos α/Dw f r

Outer ring fault

f o = 236 4

Inner ring fault

f i = 296 9

the rotational frequency f r is 33.33 Hz. The sampling frequency is 20 kHz. The speciﬁc parameters of fault rolling
bearings are shown in Table 9. The calculating methods for
diﬀerent rolling bearing fault frequencies are shown in
Table 10. The characteristic frequencies of rolling element
bearing were computed as shown in Table 11.
At the end of the no. 2 experiment, ORF happened on the
rolling bearing. The time and frequency domain plots of the
collected vibration signal of the faulty rolling bearing (772nd
data) are shown in Figure 10.
The optimal order is chosen as 4 among the proposed
AHLP denoising method. To illustrate the eﬀectiveness of
the proposed method, the frequency domain plots of the
original signal and signal processed by WPD are also presented. The wavelet function db15 with 11 layers is adopted
in the WPD. To observe the fault characteristic frequency
clearly and conduct a comparative analysis to verify the eﬀectiveness of the proposed method, the partial enlarged frequency plots of frequency domain of collected signal and
WPD denoised signal are shown in Figure 11. The frequency
domain plots of signal processed by the LP denoising method
and the proposed AHLP denoising method are presented in
Figure 12.
It can be seen from Figure 11(a) that in the frequency
domain plot of collected signal of ORF rolling bearing, the
rotational frequency f r can be seen along with harmonic frequencies 3f o and 4f o , but the fault characteristic frequency
itself f o cannot be found. It indicates that the rolling bearing

Fault frequency (Hz)

had severe fault then and collected signal was interfered by
background noises to a great extent, and there are many
interfering frequencies. From Figure 11(b) and Figure 12(a),
it can be seen after the processing of WPD and LP denoising
method that all characteristic frequencies can be extracted
but still along with some interfering frequencies. In addition,
the eﬀectiveness of LP denoising method is better than WPD.
It can be seen from Figure 12(b) that after AHLP denoising
method, the background noise is greatly reduced and eliminated, the characteristic frequencies are obvious, and there
are not many interfering frequencies in the frequency
domain plot. The frequency domain plot shows very clear
the rotational frequency f r , and fault characteristic frequencies f o , 2f o , 3f o , 4f o , namely, fault characteristic frequencies
can be well extracted. The denoising eﬀect of AHLP is better than LP and WPD denoising methods, which indicates
that the extension research from LP to AHLP is a successful exploration. Based on the displayed results and comparative analysis, it can be concluded that the vibration
signal of ORF rolling bearing with severe fault can be well
denoised by the proposed AHLP denoising method in
practical application.
4.2. The Collected Signal Processing of Drivetrain Diagnostics
Simulator. To further verify the eﬀectiveness of the proposed
method in the application of weak fault diagnosis, the experiment is conducted on Drivetrain Diagnostics Simulator.
Here, ORF and IRF rolling bearings are used during the
experiment, and fault signals are collected to be processed.
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Figure 10: Time and frequency domain plots of collected vibration signal of ORF rolling bearing.
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Figure 11: (a) Frequency domain plot of collected signal. (b) Frequency domain plot of denoised signal by WPD (red circles denote
characteristic frequency, and green circles denote interfering frequency, as same hereinafter).

0.003

2

3fo

4fo

fr

fo

0.001

0

1
2fo

0

200

4fo

1.5

3fo

0.002

×10−3

400
600
Frequency index (Hz)

fr

0.5

800

1000

(a)

0

0

fo

200

2fo

400
600
Frequency index (Hz)

800

1000

(b)

Figure 12: (a) Frequency domain plot of denoised signal by LP denoising method. (b) Frequency domain plot of denoised signal by AHLP
denoising method.

The experimental apparatus is produced by SQI Company,
United States. The experiment is aimed at collecting the signal of ORF and IRF rolling bearings. The sensor is placed on
the rolling bearing end plate to collect its acceleration signal.

The experimental apparatus is composed of a variable speed
drive, a torque transducer and encoder, a parallel shaft gearbox which includes two parallel shaft rolling bearing, and a
programmable magnetic brake. The schematic diagram of
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Figure 13: The schematic diagram and the picture of the experimental apparatus. 1: variable speed drive, 2: torque transducer and encoder,
3: parallel shaft gearbox, 4: test point, and 5: programmable magnetic brake.
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Figure 14: (a) IRF of rolling bearing, (b) ORF of rolling bearings, and (c) location of sensor.
Table 12: Characteristic frequencies of FAFNIR deep groove rolling
bearing.
Fault type

Fault frequency (Hz)

Inner ring fault

f i = 130 32

Outer ring fault

f o = 85 73

the experimental apparatus and its photo are shown in
Figure 13. The photos of IRF and ORF rolling bearings and
location of sensor are shown in Figure 14.
The experiment was conducted to collect the vibration
signal of weak fault rolling bearing. During the experiment,
the sampling frequency is 8192 Hz, and the rotational frequency f r is 25 Hz. The fault characteristic frequencies of
experimental FAFNIR deep groove rolling bearing are shown
in Table 12.
The time and frequency domain plots of the collected signal of fault rolling bearing are shown in Figure 15.
The vibration signal of IRF rolling bearing is used here to
verify the eﬀectiveness of proposed AHLP denoising method;
thus, the optimal order can be chosen as 3 among the proposed AHLP denoising methods. To better analyze the
denoising eﬀect, the frequency range of 0–300 Hz is analyzed.
To observe the fault characteristic frequency clearly and conduct a comparative analysis to verify the eﬀectiveness of the
proposed method, the partially enlarged frequency plots of
frequency domain of collected signal and WPD denoised

signal are shown in Figure 16. The frequency domain plots
of the vibration signal processed by the LP denoising method
and the proposed AHLP denoising method are presented in
Figure 17.
It can be seen from Figure 16(a) that in the frequency
domain plot of collected signal of IRF rolling bearing, the collected signal was interfered by background noises to a great
extent, and there are many interfering frequencies. The rotational frequency and fault characteristic frequencies cannot
be found, and it indicates there was an incipient fault happened on rolling bearing. From Figure 16(b), it can be seen
after the processing of WPD that the harmonic frequency 2
f i can be extracted, along with many interfering frequencies.
It is hard to identify among all interfering frequencies. From
Figure 17(a), it can be seen after LP denoising that the interfering frequencies can be reduced or eliminated to a degree,
but fault frequency f i and rotational frequency f r still cannot
be extracted. While the eﬀectiveness of LP denoising method
is better than WPD from the comparative analysis. It can be
seen from Figure 17(b) that after AHLP denoising method,
the characteristic frequencies are obvious, and the background noise is greatly reduced and eliminated. There are
not many interfering frequencies in the frequency domain
plot except the characteristic frequencies containing the rotational frequency f r and fault characteristic frequencies f i , 2
f i The denoising eﬀect of AHLP is better than LP and
WPD denoising methods, which indicates the extension
research of LP to AHLP is a successful exploration. Based
on the displayed results and comparative analysis, it draws
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Figure 15: Time and frequency domain plots of collected vibration signal of IRF rolling bearing.
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Figure 16: (a) Frequency domain plot of collected signal. (b) Frequency domain plot of denoised signal by WPD.
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Figure 17: (a) Frequency domain plot of denoised signal by standard LP denoising method. (b) Frequency domain plot of denoised signal by
AHLP denoising method.

a conclusion that the vibration signal of IRF rolling bearing
with incipient fault can be well denoised by the proposed
AHLP denoising method in practical application. It can further demonstrate the eﬀectiveness of the proposed approach
in this paper.

5. Conclusions
In this paper, the research work elaborates the validity and
eﬀectiveness of the proposed novel AHLP denoising
approach in fault diagnosis of rolling bearing, through
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theoretical deviation, numerical simulations, and practical
applications. In the ﬁeld of fault detection and isolation, it
is of great signiﬁcance to reduce noise in vibration signal of
faulty rolling bearing, to extract fault characteristic frequencies correctly and eﬀectively. By adopting high-order polynomials to the estimate centroid of neighborhood among LP
denoising method, the proposed HLP method can achieve
better noise reduction eﬀect. By choosing the optimal order
among HLP denoising method aiming at vibration signals
of ORF and IRF rolling bearings, the optimal denoising eﬀect
can be obtained in the proposed AHLP denoising method.
The proposed method has exhibited good performance during the numerical simulations and application researches,
containing simulated and practical vibration signal processing of ORF and IRF rolling bearings. In application
researches, the fault characteristic frequencies can be both
well extracted for the rolling bearing with severe fault corresponding to IMS bearing data processing and the rolling
bearing with incipient fault corresponding to our own conducted experiment on Drivetrain Diagnostics Simulator.
The displayed results and comparative analysis indicate that
the proposed method can achieve good denoising results
towards diﬀerent degrees of faults. To sum up, the research
work in this paper can demonstrate the signiﬁcance and
superiority of the proposed novel approach in fault diagnosis
of rolling bearing.
Furthermore, this paper mainly deals with vibration signal of ORF and IRF rolling bearing, while in the ﬁeld of
rotary machinery, most of the denoising methods cater to
various fault detections, such as gear faults and rotor faults.
In our researches, gear faults have been dealt with and proper
denoising eﬀect can be achieved, so the proposed novel
approach holds potential for wide employment in practical
engineering applications. For the practical application in
real industrial situation, the additional overhead costs concerning hardware, software, installation, and other factors
should be also considered. This aspect of the proposed
approach would be researched in our future work to
explore its suitable application ﬁelds.
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