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-e multisource impact signal of rolling bearings often represents nonlinear and nonstationary characteristics, and quantitative
description of the complexity of the signal with traditional spectrum analysis methods is difficult to be obtained. In this study,
firstly, a novel concept of local frequency is defined to develop the limitation of traditional frequency.-en, an adaptive waveform
decompositionmethod is proposed to extract the time-frequency features of nonstationary signals withmulticomponents. Finally,
the normalized Lempel–Ziv complexity method is applied to quantitatively measure the time-frequency features of vibration
signals of rolling bearings. -e results indicate that the time-frequency features extracted by the proposed method have clear
physical meanings and can accurately distinguish the different fault states of rolling bearings. Furthermore, the normalized
Lempel–Ziv complexity method can quantitatively measure the nonlinearity of the multisource impact signal. So, it supplies an
effective basis for fault diagnosis of rolling bearings.

1. Introduction

Rolling bearings play an important role in rotatingmachinery.
However, due to their loud sound, poor damping, and shock
resistance features, the failure rate is higher compared with
other parts. Scholars home and abroad have paid more at-
tention on healthy monitoring and fault diagnosis of rolling
bearings [1–4]. Particularly, under the long-term and high-
speed operation, the rolling bearingsmay easily produce some
different faults, such as peeling, abrasion, and gluing. As is
known to all, in the field of mechanical fault diagnosis, the
feature extraction method of vibration signal is continuously
improved with the development of signal processing tech-
nology. Various advanced fault feature extraction methods
have been extensively studied [5–8]. For the vibration signal
of rolling bearings, it usually presents multisource impact
characteristics, which are typically nonlinear and non-
stationary [9, 10]. Because of the special mapping relationship
between the excitation of equipment components and the
frequency of vibration signals, the focus of mechanical fault
diagnosis research is mainly on spectral analysis and time-
frequency analysis [11, 12].

At present, there are two frequency concepts that are well
known. One is the traditional frequency defined for har-
monic signals [13], and the other is the instantaneous fre-
quency defined for the narrowband signal [14]. For a long
time, the concept of frequency has only a clear physical
meaning for the dynamic signal of a simple harmonic vi-
bration. Since Joseph Fourier proposed the mathematical
expression of the Fourier transform, the traditional fre-
quency obtained a perfect physical interpretation in the
feature extraction of both the periodic and nonperiodic
signals. But the Fourier transform can only obtain in-
formation on which harmonic frequency components and
relative intensity information of each component are con-
tained and cannot obtain information on how these fre-
quency components evolve with time. -erefore, it is the
most effective tool for analyzing and processing the sta-
tionary signal. When the signal is nonstationary, the feature
extracted by the Fourier transform only measures the degree
of similarity between the signal and the harmonic basis
function, rather than the actual frequency information of the
vibration signal [15]. -e concept of instantaneous fre-
quency can effectively measure the time-varying features of
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nonstationary signals. It has been successfully applied in the
fields of radar sonar detection, seismic monitoring, elec-
tronic communication, and mechanical equipment fault
diagnosis [16, 17]. However, the instantaneous frequency
has only a clear physical meaning for the narrowband signal.
It is considered that the narrowband signal has only one
frequency component at each instantaneous time point, and
much large-scale frequency information is lost. Even for
many nonstationary signals, there is lack of clear physical
meaning and even cannot be calculated.

In the past few decades, a series of theories and tech-
niques of adaptive signal decomposition and transient
feature extraction have been developed and widely used in
various disciplines and engineering fields (e.g., Fourier
transform [18], short-time Fourier transform [19], wavelet
transform [20], second-generation wavelet transform [21],
multiwavelet transform [22], chirplet transform [23], and
atomic decomposition [24]). All of them are based on the
basic function expansion of the inner product transform
principle, performing the similarity measure between the
signal and the basis function [25]. However, for the rolling
bearings, the vibration signal represents strong nonlinearity,
nonstationarity, and multisource impact, so it is unlikely to
adapt all waveform features using one or several given basis
functions. In the absence of sufficient prior knowledge, if a
fixed basis function is employed for signal decomposition,
erroneous information will be generated and the physical
meaning will be unclear. Feature information sufficient to
identify the fault is difficult to extract. In recent years, some
adaptive signal decomposition methods, including empirical
mode decomposition (EMD) [26], local mean de-
composition (LMD) [27] and local characteristic-scale de-
composition (LCD) [28], wavelet modulus maxima, and
synchronous detection [29], improved orthogonal matching
pursuit and K-SVD algorithm with adaptive transient dic-
tionary [30], have been gradually proposed. -ose methods
are not required to predict the feature information contained
in the analyzed signal, and they completely follow the
waveform of the signal. -us, they exhibit good adaptability
in signal processing.

Although many related achievements have been
achieved in the field, they also have the following problems:
(1) -e magnitude of the feature amplitudes under different
states is greatly different, the real physical meaning is am-
biguous, and the comparability is poor. (2) -e feature
amplitude under the same state may be fluctuated greatly
with different samples, so the repeatability and stability of
the results are poor. (3) -e effects of noise interference are
different to the accuracy of the results. -ose problems are
closely related to the nonlinear dynamic characteristics of
rolling bearings. How to judge and quantitatively describe
the nonlinearity and evolution of rolling bearings under
different states is an important prerequisite for fault di-
agnosis. In the field of nonlinearity, some quantitative in-
dicators including Lyapunov exponents [31], correlation
dimension [32], entropy [33], and complexity [34] have been
well applied. Among of them, the Lempel–Ziv complexity
(LZC) has many good advantages to measure the time series
arose from the nonlinear dynamics system, which have been

used widely in data compression [35], coding [36], gener-
ation of test signals [37], and so on. Additionally, compared
with the methods of spectral analysis and time-frequency
analysis, the LZC method can detect the long-range cor-
relations embedded in the seemingly nonstationary time
series and also avoid the spurious detection of apparent
long-range correlations that are an artifact of nonstationarity
[38].

In order to improve the diagnosis accuracy of rolling
bearings, effective and quantitative features should be
extracted firstly. On the one hand, the vibration signal of
rolling bearings represents the complex feature of non-
linearity and nonstationarity, the typical and useful feature
information may be not significant. On the other hand, the
vibration signal of rolling bearings may be strongly influ-
enced by background noise. For solving the above problems,
an integration approach based on adaptive waveform de-
composition (AWD) and Lempel–Ziv complexity (LZC) was
proposed. Using the AWD method, the nonstationary
multicomponent signal of rolling bearings can be converted
into a series of stationary single component signal which are
rich in useful feature information. -e LZC method is ap-
plied to quantitatively describe the complexity of nonlinear
signal in the time-frequency domain. -erefore, both the
AWD method and LZC algorithm have their own function
in improving the diagnosis accuracy of rolling bearings, and
the integration methods of AWD and LZC will have the best
effect.

2. Time-Frequency Feature Extraction Based on
Local Frequency and Adaptive
Waveform Decomposition

2.1. Definition of Local Frequency. For an arbitrary signal
x(t), assume that the corresponding discrete time series is
x(i) ∣ i � 1, 2, 3, . . . , n{ }. -e time domain waveform of the
signal x(t) is shown in Figure 1, and the local maximum of
the x(t) satisfies the following equation:

x(i)≥x(i− 1),

x(i)≥x(i + 1),

x(i− 1)≠x(i + 1).

(1)

From the minimum waveform required to complete a
vibration, the original signal can be approximated as con-
sisting of a series of V waves containing two adjacent
maxima, as shown in Figure 2.

Assuming that the V wave start position tk is the time at
which the kth local maximum value in the original signal x(t)
is located and k � 1, 2, 3, · · · , N, according to the V wave, the
local period T(t) of the original signal x(t) can be defined as
follows:

T(t) � tk+1 − tk, tk ≤ t< tk+1, (2)

where T(t) represents the time required for the signal to
complete a complete local vibration over a local time range.

Similarly, a local mean m(t) and a local amplitude a(t)
are also given below:
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m(t) �
1
nk



nk

i�1
x ti( , tk ≤ t< tk+1, (3)

a(t) �
x tk(  + x tk+1( 

2
, tk ≤ t< tk+1, (4)

where nk is the number of samples contained between the
kth maximum and the k+ 1th maximum.

According to formula (2), the local frequency is defined
as the reciprocal of the local period, i.e.,

v(t) �
1

T(t)
�

1
tk+1 − tk

, tk ≤ t< tk+1, (5)

where the local frequency v(t) represents the number of times
completing the vibration in a unit of local time. It is used to
measure the speed of local vibration, and the unit is still Hz.

-e characteristic curves of local amplitude a(t), local
mean m(t) and local frequency v(t) calculated by equations
(3) to (4) are all broken lines. In order to improve the ac-
curacy of analysis results and to get a smoother curve, the
moving average (MA) technology is applied for processing
the curves, and the principle is as follows [39].

Let the original broken line sequence be y(i) ∣ i �

1, 2, 3, . . . , n}. Every point after being smoothed should
satisfy the formula as follows:

y′(i) �
1

2N + 1
[y(i−N) + y(i−N + 1) + . . . + y(i + N− 1)

+ y(i + N)],

(6)

where 2N+ 1 is a smooth interval span, 2N+ 1< n.
Obviously, the difference in span selection has a direct

influence on the smoothing effect, which will cause different
errors in the calculation results of the local feature quantities.
For the impact signal, in order to ensure that the impact
extreme value is not lost during the smoothing process, it is
necessary to adjust the span to 1/5 of the maximum interval
of the adjacent maximum value as the best effect. -e
smoothing result of the characteristic curve of the arbitrary
signal x(t) is shown in Figures 3 and 4.

2.2. Construction of Time-Frequency Distribution Based on
Local Frequency. In order to analyze the nonstationary
signal, it is necessary to construct a method of time-fre-
quency distribution based on local frequency. According to
the local amplitude curve a(t) defined in equation (4), it
represents the absolute amplitude of the V-wave in a
complete local period. In order to eliminate the influence of
the equilibrium position point fluctuation, the local mean
curve m(t) should be removed, i.e.,

a′(t) � |a(t)−m(t)|, (7)

where a′(t) represents the fluctuation amplitude of the local
frequency component v(t) respected to the equilibrium
position with time.

Plotting the time t, the local frequency v(t), and the local
amplitude a′(t) on a three-dimensional map, and the local
amplitude a′(t) is represented by a contour of a different color.
-en, a typical time-frequency distribution diagram of the
signal x(t) based on the local frequency is formed. Figure 5
shows the time-frequency distribution of the signal x(t) is
consistent with the local frequency feature extracted in Figure 4.

2.3. Adaptive Waveform Decomposition Algorithm.
According to definition of local frequency and its time-
frequency distribution, we can only analyze the signal with
single component. For many test signals of machine, it
usually contains various components from different exci-
tations. So, if we want to extract the time-frequency feature
of each component, the multicomponent signal should be
decomposed firstly. In the calculation of the traditional
frequency and instantaneous frequency of the multicom-
ponent nonstationary signal, the signal can be finally re-
duced to the following two forms:

x(t) � 
∞

k�1
ck sin kωt + θk( ,

x(t) � 
N

k�1
ak(t)cos ϕk(t) + R(t),

(8)

where R(t) is the residual term.
-e two forms of decomposition have great similarities,

all of which express frequency information in a superpo-
sition of multiple harmonic waveforms. However, the
actual complex signals often do not have harmonic
waveform characteristics andmay be composed of a limited
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Figure 2: -e V wave.
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Figure 1: -e time domain waveform of the signal x(t).
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number of other shape waveforms. Considering the effi-
ciency, accuracy, and frequency physical meaning of signal
decomposition, the harmonic waveform combination does
not conform to the essential features of the signal.
-erefore, based on the local frequency concept, a new
adaptive waveform decomposition (AWD) method is
proposed to adapt to the feature extraction of non-
stationary signal with multicomponents:

x(t) � 
N

m�1
sm(t) + W(t), (9)

where sm(t) represents themth waveform function contained
in the original signal and W(t) is the residual term. -e
implementation process is as follows:

(1) Assume that the discrete time series corresponding
to the signal x(t) is x(i) ∣ i � 1, 2, 3, . . . , n{ }. -en,
according to formula (12), find the local maxima n1
in the signal x(t) as the first layer extreme value
sequence p1(k) ∣ k � 1, 2, 3, . . . , N1 .

(2) Calculate the local amplitude a1(t), the local mean
m1(t), and the local frequency v1(t) corresponding to
the first-order extreme value sequence p1(t)
according to formulas (3) to (5).

(3) Smooth a1(t), m1(t), and v1(t) using the moving
average technique.

(4) De-average the local amplitude to obtain the am-
plitude envelope curve a1′(t), which is

a1′(t) � a(t)−m(t). (10)

(5) Similarly, find the n2 local maxima as the second
layer p2(k) ∣ k � 1, 2, 3, . . . , N2  in the first layer of
extreme sequence p1(k) ∣ k � 1, 2, 3, . . . , N2 ,
continue smoothing and de-averaging processing to
obtain the amplitude envelope curve a2′(t) according
to steps (2), (3), and (4).

(6) Repeat the above steps until you find the m-th order
extremum sequence pm(k) ∣ k � 1, 2, 3, . . . , Nm .
When it satisfiesNm≤ 2, the decomposition is ended.

According to the above method, x(t) can obtain m− 1
amplitude envelope curves a1′(t), a2′(t), . . . , am−1′ (t), so each
component decomposed from x(t) is obtained as follows:

0 0.2 0.4 0.6 0.8 1

–5

0

5

t (s)

A 
(m

/s
)

Local amplitude

Local mean

Figure 3: -e local amplitude and local mean curve of the signal x(t).
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sm(t) � am−1′ (t),

sm−1(t) � am−2′ (t)− am−1′ (t),

⋮

s1(t) � x− a1′(t).

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(11)

-e abovementioned decomposition process only de-
pends on characteristics of the signal x(t) itself, and the local
frequency of each components s1(t), s2(t), . . . , sm(t) does
not depend on the harmonic form. -erefore, the proposed
AWD method has good adaptability.

2.4. Applicability Analysis of the Proposed Method. In this
section, some simulation examples are taken as the research
object, and the main characteristics of the proposed method
above in time-frequency analysis of multicomponent signals
are described in detail by comparing with the EMD (em-
pirical mode decomposition) method [40].

2.4.1. Combination of Multiple Harmonic Signals

x1(t) � sin(2π · 10 · t) + sin(2π · 30 · t) + sin(2π · 80 · t).

(12)

Figure 6 shows the decomposition effects of the simu-
lation signal x2(t) based on AWD and EMD. Obviously, both
of them can effectively extract the three harmonic wave-
forms contained in the original signal, which are decom-
posed from high frequency to low frequency, respectively. As
the number of decomposition layers increases, the distance
between the first extreme point of the layer and the first data
point increases. Whether it is the sliding average method or
the spline envelope method, it is difficult to give a satis-
factory fit. Although many scholars have given various end-
point extension methods, it has always been ineffective for
nonlinear and nonstationary signals.

Figure 7 shows the time-frequency distribution result of
the signal x1(t) based on the fusion method of local fre-
quency and AWD, and Figure 8 shows the result based on
the fusion method of instantaneous frequency and EMD. It
can be seen that both the local frequency and instantaneous
frequency can accurately represent the stationary distribu-
tion of the three harmonic components in the original signal
x1(t). But the time-frequency resolution of the fusion
method of local frequency and AWD is higher than the
fusion method of instantaneous frequency and EMD.

2.4.2. Combination of Harmonic Signal and FM-AM Signal.

x2(t) � sin(2π · 30t) +[1 + 0.5 sin(2π · 10 · t)]

· cos[2π · 150 · t + 2 cos(2π · 5 · t)].
(13)

Figure 9 shows the decomposition effects of the sim-
ulation signal x2(t) based on AWD and EMD. Similarly,
there is still a high degree of coincidence, and the signal
x2(t) is adaptively decomposed into three components. It
can be seen that the first layer of AWD and EMD result is

the FM-AM component, the second layer is the harmonic
component, and the third layer is the trend term.

Figure 10 shows the time-frequency distribution result of
the signal x2(t) based on the fusion method of local fre-
quency and AWD, and Figure 11 shows the result based on
the fusion method of instantaneous frequency and EMD.

In the time-frequency distribution result of the signal
x2(t) based on the fusion method of local frequency and
AWD as shown in Figure 10, the 30Hz stationary harmonic
and FM-AM with 150Hz carrier frequency are clearly
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Figure 6: -e decomposition result of the signal x1(t) based on
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extracted. However, in Figure 11, the fusion method of
instantaneous frequency and EMD generate some in-
terference information at the low frequency because of the
trend term. Additionally, comparing Figure 10 with
Figure 11, it can be seen that the time-frequency features
extracted by using the proposed method in this paper have
no false redundant frequency and the resolution is sig-
nificantly higher.

In summary, by comparing the time-frequency analysis
of the multicomponent signals, it is shown that both the

AWD and the EMD can achieve a good adaptive de-
composition effect, and both of them have the same accu-
racy. However, in time-frequency analysis, the local
frequency is clearer in resolution than instantaneous fre-
quency, and it not only has clear physical meaning but also
contains less interference components. -erefore, the pro-
posed method can accurately obtain the essential features of
the frequency components contained in the original signal,
and its validity and applicability is verified according to
simulation signals above.

3. Quantitative Measure of the Complexity of
Nonlinear Time Series

3.1. Algorithm of LZC. -e definition of complex measure is
proposed by Kolmogorov and is characterized by the
number of bits of the shortest program required to produce a
sequence of symbols. Later, Lempel and Ziv proposed an
algorithm to achieve this complexity, called Lempel–Ziv
complexity (LZC), which is widely used in nonlinear sci-
entific research [41]. LZC analysis is based on coarse
graining of the measurements. Before the LZC measure is
calculated, the time series must be transformed into a finite
symbol sequence. Generally, an arbitrary time series
x(i) ∣ i � 1, 2, 3, · · · , n{ } is converted into a binary series. By
comparison with the threshold, x(i) is converted into a 0-1
series S(i) ∣ i � 1, 2, 3, · · · , n{ } as follows [42]:

S(i) �
0, x(i)< xave,

1, x(i)≥ xave,
 (14)

where xave is the mean of time series of x(i). -en, the LZC
measure can be estimated by using the following algorithm
as shown in Figure 12.

-e abovementioned algorithm is repeated until Q is the
last character. -e measure of complexity is c(n). In order to
obtain a complexity measure which is independent of the
series length, c(n) must be normalized. If the length of the
sequence is n and the number of different symbols in the
symbol set is 2, it has been proved that the upper bound of
c(n) is given by

lim
n→∞

c(n) � b(n) �
n

log2(n)
, (15)

and c(n) can be normalized via b(n)

0≤C �
c(n)

b(n)
≤ 1, (16)

where the normalized complexity index C is called the
Lempel–Ziv complexity.

Obviously, equation (17) can be established only if the
sample length n is large enough. -e literature has given the
experience valve n≥ 3600 [43]. -e complexity index C
presents the random degree of time series. For the com-
pletely random time series, C is close to 1. On the contrary,
the periodic time series is close to 0. In practice, the vibration
signals of reciprocating compressor vary with each fault
states randomly, so the LZC can be extracted as a useful
measure for machine health condition feature.
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3.2. Performance Experiment of LZC. To identify the effec-
tiveness of LZC method, the typical nonlinear dynamical
system is taken as an example to investigate the performance
of LZC. Consider the following logistic map [44]

xn+1 � λ · xn · 1−xn( , (17)

where xn ∈ [0, 1], λ ∈ [2.8, 4], λ is the control parameters, and
the step size is 0.01. -e sample length of nonlinear time
series is N � 5000.

According to the LZC algorithm, the complexity index C
of logistic map with different parameters λ can be calculated.
-e result is shown in Figure 13.

Observe Figures 13(a) and 13(b), it indicates the dynamical
behaviour of logistic map with different control parameters λ.
-e trends of Lyapunov exponent and the complexity index C
are much synchronous. When 2.8≤ λ< 3.57, the Lyapunov
exponent is less than zero and it shows that the logistic system
enters in the periodic or quasiperiodic region. Moreover, most
values of LZC are close to zero. When 3.57< λ≤ 4, Lyapunov
exponent is greater than zero, it indicates that the system
enters the chaos region. Meanwhile, the complexity index C
tends to be around 0.5. During this region, the Lyapunov
exponent less than zero including λ� 3.63, λ� 3.74, and
λ� 3.83 are called periodic windows. In these regions, the
complexity index C is still close to zero.

In summary, LZC can be used as identifying the dy-
namical behaviour of nonlinear system effectively. -e
analysis results are stable and reliable when the number of
samples increase. -erefore, the LZC value of different
system states can be compared together without any prior
knowledge about fault mechanism.

4. Application in Fault Feature Extraction of
Rolling Bearings

4.1. Preprocessing Analysis of Vibration Signal. To reduce the
influence of noise on the nonlinear and nonstationary

measure analysis results of multisource impact signals of gas
valve, the preprocessing based on AWD and mutual in-
formation (MI) fusion noise reduction technology was
proposed. -e definition of MI can be given as follows:

I(X, Y) � H(X) + H(Y)−H(X, Y)

� 
n

i−1


m

j−1
P xi, yj log

p xi, yj 

p xi( p yj 
,

(18)

where p(x), p(y), and p(x, y) denote the probability
density function of two random variables X, Y and the joint
probability distribution of (X, Y). MI measures the corre-
lation degree of two signal. When they are absolute, MI value
will be 0. When they are fully the same, the value will be 1.

According to the proposed AWD method in this paper,
the original vibration signal with background noise can be
adaptively decomposed into a series of waveform compo-
nent signals s1(t), s2(t), . . . , sm(t). -e MI value of each
component signal and the original signal were calculated
following the steps of equation (18), respectively. By sorting,
one or more correlated component signals are selected to be
recombined to form a noise reduction signal.

4.2. LZC Feature Extraction of Rolling Bearing in Time
Domain. In this section, vibration signals of the rolling
bearings under different faults are taken as an application
object. -e standard data are obtained from the bearing
data center of the Electrical Engineering Laboratory of Case
Western Reserve University, and its experimental bench
structure is shown in Figure 14. In the experiment, the deep
groove ball bearing was selected at the motor drive end.-e
detailed parameters are shown in Table 1. In this experi-
ment, the tiny pits of the inner ring, the outer ring, and the
rolling element of the bearing are processed by the elec-
tric spark machine to simulate the single-point damage
fault, diameter, and depth size are 0.1778mm× 0.2794mm,

Symbol time series S = s1
, s2

, s3
, ..., sn

Initialization. S1 = s1, Q1 = s2,
SQ1 = s1s2, SQP1 = s1, c(1) = 1

Q ∈ SQP subsets

Yes

Yes

No

i = i + 1

i > n

End

Start

NoS is invariability, update Q, next
symbol is added to Q, SQP is updated

c(i) = c(i) + 1, Q is combined to S,
set Q as next symbol

Figure 12: -e principle diagram of LZC.
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0.3556mm × 0.2794mm, 0.5334mm × 0.2794mm, and
0.7112mm × 1.27mm, respectively. -e sampling fre-
quency fs is 12000Hz, the running speed is set separately
into 1797 r/min, 1772 r/min, 1750 r/min, and 1730 r/min,
which are corresponding to fundamental frequency f0 of the
rolling bearings 29.95Hz, 29.53Hz, 29.17Hz, and 28.83Hz.
Where the fault position of the outer ring is selected at the 6
o’clock direction, which is the main load position.

According to the parameters in Table 1, taking the speed
of 1750 r/min as an example, the frequency features of faults
in each part can be calculated separately as follows:

fIR �
1
2

z 1 +
d

D
cos α f0 � 157.94Hz, (19)

fOR �
1
2

z 1−
d

D
cos α f0 � 104.56Hz, (20)

fBE �
1
2

D

d
1−

d

D
 

2

cos2 α⎛⎝ ⎞⎠f0 � 137.48Hz, (21)

where fIR, fOR, fBE, and f0 are corresponding to the fault
frequency of the inner ring, the outer ring, the rolling el-
ement, and the fundamental frequency of rotation speed,
respectively.

Figure 15 shows the time domain waveform of the vi-
bration signal of rolling bearing in four states, including the
normal state, inner ring fault state, outer ring fault state, and
rolling element fault state. -e rotation speed is 1750 r/min
and the damage size is 0.5334mm× 0.2794mm. It can be
seen that the vibration signals in the fault state of the inner
ring and the outer ring have obvious impact feature, while
the features of the rolling element fault state and the normal
state are not obvious. It shows that the vibration amplitude
of the normal state is the smallest and the the amplitude of
the outer ring state is the largest. -is is mainly because the
selected outer ring fault position is in the main bearing
direction, and the load of the rotor increases the impact
energy of the rolling element falling into the outer ring.

Figure 16 shows the AWD results of the above four states of
rolling bearings. -e vibration signals in each state are adap-
tively decomposed into six components. As the number of
decomposition layers increases, the frequency gradually
changes from the high-frequency band to the low-frequency
band. -e components of each layer in the normal state do
not have obvious impact features, the signal-to-noise ratio is
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Figure 13: -e logistic map with different parameters λ. (a) Bifurcation diagram; (b) comparison of Lyapunov exponent and LZC.

Figure 14: -e fault simulation experimental bench of rolling
bearing.

Table 1: Parameters of rolling bear.

No. Parameter (unit) Value
1 Number of ball roller z 9
2 Diameter of ball roller d (mm) 7.94
3 Diameter of rolling bear D (mm) 39
4 Contact angle α (°) 90
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Figure 15: -e time domain waveform in four state of rolling bearings: (a) normal state, (b) inner ring fault state, (c) outer ring fault state,
and (d) rolling element fault state.
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Figure 16: -e AWD results in four state of rolling bearings: (a) normal state, (b) inner ring fault state, (c) outer ring fault state, and
(d) rolling element fault state.
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relatively low, and the main feature of components is not easily
recognized. -e first three components of the inner ring fault
state present the impact features, and the latter three compo-
nents present the harmonic features. However, the outer ring
fault state and the rolling element fault state have the significant
periodic impact features in the first four components, and the
remaining component are low-frequency harmonic periodic
features. In addition, the noise content of the first and second
layer waveform components in each state is larger than that of
the other layer components, and the energy of the signal is
mainly concentrated in the first two components.

According to the analysis of AWD results, we can easily
obtain the main components and then the Lempel–Ziv
complexmeasure analysis is performed on each signal by using
the LZC algorithm. Table 2 shows the LZC features of the time-
domain signal for the rolling bearing in four states at different
speeds with the damage size 0.5334mm× 0.2794mm. Table 3
shows the LZC features of the time-domain signal for the
rolling bearings in fault states under different damage di-
ameters with the speed 1750 r/min.

It can be seen from Table 2 that the LZC values of rolling
bear in the inner ring fault state are gradually decreased with
the speed decreased from 1797 r/min to 1730 r/min, but the
LZC values are increased in the other three states.-e reason
may be as follows. With the decreasing of the rotational, the
bearing load increases relatively, and the modulation effect
on the signal is more significant. -e contact between the
outer ring and the rolling element is basically fixed, and its
main role is frequency modulation. So the new frequency
change is increased. -e complexity of the signal leads to a
higher LZC value. However, when the inner ring rotates with
the axis, the contact area of pitting fault changes continu-
ously, and its main role is to generate a low-frequency
amplitude modulation. It is different from frequency
modulation that the signal is affected globally in the low-
frequency oscillation mode. -erefore, the periodicity is
enhanced and the randomness is reduced, which results in a
lower LZC value.

In Table 3, with the increasing of the damage diameter
from 0.1778mm to 0.7112mm, the LZC values of rolling
bear in the inner ring fault state are gradually decreased,
while the LZC values are decreased in the other three states.
-at is because the rotation speed is constant, the load is
relatively stable, the damage area is enlarged, the actual
contact area between the rolling element and the outer ring
is reduced, the contact pressure is rapidly increased and
decreased, and the impact feature is more obvious. -e
influence is dominant, reflecting a wider frequency band and
harmonics on the spectrum. -e result indicates that the
randomness of the original signal is more prominent and it
results in a higher LZC value. However, due to the influence
of the low frequency, the vibration signal of inner ring
presents the amplitude modulation feature. -e order of
original signal is enhanced and the randomness is reduced,
which results in a lower LZC value.

4.3. LZCFeatureExtractionofRollingBearing inTime-Frequency
Domain. According to the analysis above, we can find that

the time domain features of vibration signal the rolling
bearing as shown in Figure 15 cannot directly and accurately
identify the characteristic frequency, especially for dis-
tinguishing the normal state and the fault state of the rolling
element with low signal-to-noise ratio. For the complex
nonstationary signal of rolling bearing, in this section, the
time-frequency analysis based on the local frequency and
AWD method is applied. -e result is shown in Figure 17.

In Figure 17, the time-frequency distribution diagram of
the vibration signal in four states of the rolling bearing shows
a typical AM-FM features, and the local frequency fluctuates
around a certain constant value with time. -e carrier
frequency in the normal state is 88Hz, which is near the
triple frequency of the fundamental frequency, and the
carrier frequencies in the inner ring fault state, the outer ring
fault state, and the rolling element fault state are 158Hz,
105Hz, and 138Hz, respectively. -is is consistent with the
theoretical frequency of each fault state calculated by
equations (18)–(20), which can further verify the effective-
ness of the proposed method. In addition, according to the
time-frequency analysis, it is obvious that the feature of the
rolling element fault is the most ambiguous, the fluctuation
is the most severe, and the noise is the most serious.
However, the time-frequency distribution of the vibration
signal under normal condition is relatively stable.

In order to accurately quantify these time-frequency
feature of rolling bearings, the Lempel–Ziv complexity
analysis method is applied. Table 4 shows the LZC com-
parison results of the rolling bearing in the time-frequency
domain at different speeds, and Table 5 shows the LZC
comparison results of the rolling bearing in time-frequency
domain under different damage diameters. It can be seen
that the structural complexity of time-frequency distribution
in each state of the rolling bearing has a similar change law
with the time domain. With the decreasing of the rotational
speed or the improvement of the damage degree, the LZC
values of time-frequency distribution in the inner ring fault
gradually decrease but they are increased in the other three
states.-e result indicates that the time-frequency transform

Table 2: -e LZC features of the time-domain signal for the rolling
bearing at different speeds.

Rotation speed
(r/min) Normal Inner ring

fault
Outer ring

fault
Rolling

element fault
1797 0.1503 0.2089 0.0968 0.2879
1772 0.1962 0.2013 0.1655 0.2953
1750 0.2017 0.1936 0.2885 0.3032
1730 0.2115 0.1860 0.3614 0.3236

Table 3: -e LZC features of the time-domain signal for the rolling
bearing under different damage diameters.

Damage size
(mm)

Inner ring
fault

Outer ring
fault

Rolling element
fault

0.1778 0.2726 0.2038 0.2777
0.3556 0.2573 0.2404 0.2955
0.5334 0.1936 0.2885 0.3032
0.7112 0.1420 0.3013 0.3140
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preserves the nature of randomness and nonlinearity of the
original signal itself, which can easily and quickly quantify
the complexity of different fault states. In addition, com-
pared with the LZC value in the time domain, the LZC value
in the time-frequency domain is correspondingly reduced.
-erefore, the time-frequency analysis can reduce the
structural complexity of the signal, making the fault feature
clearer and clearer and suppressing the randomness of the
noise to some extent. -e role of sexual interference has laid
a good foundation for the fault diagnosis of rolling bearings.

5. Conclusions

A novel local frequency concept and AWD algorithm is
proposed for the purpose of time-frequency feature ex-
traction for the vibration signal of rolling bearings pre-
sented multisource impact, nonlinear, and nonstationary
characteristics. Compared with the commonly used
method of time-frequency analysis based on traditional
frequency or instantaneous frequency, the proposed
method develops the limitation of frequency definition on

Table 4: -e LZC features of time-frequency distribution for the rolling bearing at different speeds.

Rotation speed (r/min) Normal Inner ring fault Outer ring fault Rolling element fault
1797 0.0459 0.0637 0.0764 0.0841
1772 0.0507 0.0588 0.0825 0.0912
1750 0.0611 0.0433 0.1188 0.1121
1730 0.0688 0.0312 0.1217 0.1172

Table 5: -e LZC features of time-frequency distribution for the rolling bearing under different damage diameters.

Damage size (mm) Inner ring fault Outer ring fault Rolling element fault
0.1778 0.0611 0.0866 0.0815
0.3556 0.0543 0.0968 0.0923
0.5334 0.0433 0.1188 0.1121
0.7112 0.0341 0.1424 0.1510
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Figure 17: -e time-frequency distribution in four state of rolling bearings: (a) normal state, (b) inner ring fault state, (c) outer ring fault
state, and (d) rolling element fault state.
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nonharmonic signal, and the physical meaning is clearer.
Additionally, the time-frequency features extracted by the
AWD and local frequency method have good adaptability,
the decomposition result is completely independent, and
the frequency band is high to low. It can avoid the false or
cross component caused by the forced decomposition of
the traditional Fourier transform in the form of harmonic
basis function. Based on the proposed method in this
study, the LZC algorithm is appled to quantitatively
measure the complexity of time-frequency features for
vibration signals of the rolling bearings. -erefore, it can
be used as an effective method for fault diagnosis of rolling
bearings.
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