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Abstract
Bearing failure is a common cause of machinery breakdown, resulting in lost production and accidents. Therefore, the early
and automatic diagnosis of bearing faults is attracting increasing amounts of attention, in particular through vibration analysis.
The vibration signals caused by rotating machines are multi-component and modulated signals; it is essential to demodulate
after the components decomposition. Through the previous challenges, we have proposed an approach combining the most
effective decomposition and demodulation techniques, namely the Fourier decomposition method (FDM) and the Teager
energy operator (TEO). Next, we verified the FDM–TEO method’s efficacy by applying it to synthetic and real bearing
vibration signals and comparing it to other well-known methods using the FCFR assessment indicator. Comparative results
were quite close, with the FDM–TEO and the empirical mode decomposition both having marginally better mean FCFRs
than the variational mode decomposition method.

Keywords Vibration analysis · Feature extraction · Bearing diagnosis · Fourier decomposition · Teager energy operator

1 Introduction

Control and diagnosis are currently vital in most manufac-
turing processes. The monitoring of mechanical equipment
is not complete without fault diagnostics utilizing a vibra-
tion signal. For this reason, many crucial industrial systems
measure and evaluate vibration in real time alongside other
parameters like temperature and acoustic measurements [1].
Rotating machines are present in industrial applications
across the board. Additionally, bearings are crucial for sus-
taining loads and preserving clearances between rotating and
stationary equipment, eliminating vibration and reducing the
noise of rotating machines. But bearings are also one of the
most common causes of mechanical failure. For instance, a
statistical study has revealed that bearings cause a significant
portion of motor failures [2]. In addition, another statistical
analysis has found that faults with the bearing’s inner and
outer rings account for roughly 90% of bearing failures [3].

Different signal processing methods, including time-
domain, frequency-domain, and time–frequency domain, can
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be used to analyse vibration signals to detect bearing faults.
The temporal representation of the vibratory signal is not
clear; therefore, extracting useful information is not enough
to locate the fault; it can only predict its presence. In con-
trast, frequency techniques can determine the presence and
location of bearing faults, such as the fast Fourier transform
(FFT), the application of which to a vibration signal with a
fault yields frequency peaks associated with the fault. There-
fore, the location of the fault is possible. Despite the above,
analysing non-stationary physical signals such as vibrations
by frequency techniques is inefficient, but the time–fre-
quency technique fixes the issue [4, 5].The wavelet theory
is a basic time–frequency method, but it is unsuitable for
nonlinear signals.

Through the shortcomings of the previous methods, we
introduced modern decomposition methods, which remove
all the previous inconveniences; that is, they are effective
for nonlinear, non-stationary and multi-component signals
The most important of these methods are EMD, VMD, and
FDM. We chose the FDM method for use in the proposed
approach because it is better than the other twomethods. The
first advantage of FDM comes from the fact that it has a solid
mathematical basis, unlikeEMD[6],which is empirical. Sec-
ondly, FDMdoes not require preset parameters, unlike VMD
[7].
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This article proposes a combined approach for fault
diagnosis and feature extraction. First, FDM is used to
decompose the vibration signal, then T EO is applied to all
components to extract the envelope, and finally, the com-
ponent that contains the most defect information is selected
using FCFR, called the effective component, omitting the
remaining components. The FCFR of the effective compo-
nent can be used as a diagnosis parameter. The choice of
the formula, FDM−FCFR-TEO, was never random but fol-
lowed a theoretical analysis of each technique. The proposed
method was validated using simulated and experimental data
from normal and faulty bearings in the caseWestern Reserve
university’s (CW RU ) database [8]. A comparative study
with other well-known methods is presented. The rest of
this paper has four main parts: a signal processing meth-
ods section, a process of the proposed method FDM - TEO
section, and finally, the applications and results section. In
the end, the conclusion is given.

2 Signal ProcessingMethods

2.1 Analytic Signal and Hilbert Transform

The analytical signal often used in signal processing is
defined by a complex function without a negative frequency
component, as follows: xa(t) � x(t) + j x̂(t), so x̂(t) �
H{x(t)} � x(t) ∗ (1/π t) is the Hilbert transform of x(t),
where ∗ is the convolution operation; and j is the imaginary
unit. An expression in polar coordinates of the analytical sig-
nal can also be given by

xa(t) � a(t)e jφ(t) (1)

This polar representation introduces the following three
quantities: the instantaneous amplitude (envelope)a(t) �
|xa(t)|, the instantaneous phase φ(t) � arg{xa(t)}, and the
instantaneous frequency f (t) � (1/2π) · (dφ(t)/dt) in [Hz].
These instant quantities are used inmany applications tomea-
sure and extract the local characteristics of the signal [9].

2.2 Fourier Decomposition Method

FDM Is a new signal processing method proposed by Singh
et al. [4]. It is considered a time–frequency analysis tool, but
it does not require any previously known basis, and is adap-
tive, unlike other time–frequencymethods.Using FDM , any
real and time-limited signal x(t) ∈ [a, b] (multi-component,
nonlinear, and nonstationary) can be decomposed into a
sum of single-component, band-limited orthogonal signals
yi (t) ∈ �∞[a, b], named Fourier intrinsic band functions

(F I BF) [4], as follows:

x(t) �
M

∑

i

yi (t) + a0 (2)

where M is the number ofF I BF , a0 is the average value
ofx(t). The functions yi (t) � {y1(t), y2(t), . . . , yM (t)}
satisfy the following three conditions: zero mean, orthog-
onal and the F I BF admits an analytical representation
(AF I BF). The mathematical expressions of these condi-
tions are, respectively, given by:∀i , ∫ b

a yi (t)dt � 0; ∀i �� j ,
∫ b
a yi (t)y j (t)dt � 0;yi (t)+ j ŷi (t) � ai (t)e jφi (t), where ŷi (t)

the Hilbert transform ofyi (t), ai (t) ≥ 0 is the instantaneous
amplitude, and ωi (t) � (dφi (t)/dt) ≥ 0 is the instantaneous
frequency.

We will now present how to decompose a discrete sig-
nal x[n] of length N into a set of F I BF , so X [k] �
(1/N )

∑N−1
n�0 x[n]e− j2πkn

N its discrete Fourier transform, we
can express this signal as follows

x[n] �
N−1
∑

k�0

X [k]e
j2πkn
N (3)

Then, we can express x[n] as follows:

(4)

x [n] � X [0] +

N
2 −1
∑

k�1

X [k]e
j2πkn
N

+ X [N/2] e jπn +
N−1
∑

k� N
2 +1

X [k]e
j2πkn
N

Since x[n] and the first and third terms on the right side
of Eq. (4) are real, this equation’s second and fourth terms
are complex conjugates. Equation (4) can be simplified as
follows:

x[n] � X [0] + 2Re{z[n]} + (−1)n X [N/2] (5)

where Re{·} denote the real part and z[n] �
∑

N
2 −1
k�1 X [k]e

j2πkn
N is an analytical signal, we write it

as follows:

z[n] �
M

∑

i�1

ai [n]e
jφi [n]. (6)

AFIBFs can be obtained from the signal in backward
search order (i.e. frequency scan from high to low), the

first AFIBF is a1[n]e jφ1[n] � ∑N0−1
k�N1

X [k]e
j2πkn
N , the sec-

ond AFIBF is a2[n]e jφ2[n] � ∑N1−1
k�N2

X [k]e
j2πkn
N ,…, the ith
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AFIBF is

ai [n]e
jφi [n] �

Ni−1−1
∑

k�Ni

X [k]e
j2πkn
N (7)

With N0 � N/2,Ni � 1. For each i , Ni is scanned
from Ni−1 − 1 to 1 and keeping the minimum value that
meets the following conditions: the instantaneous ampli-
tude ai [n] ≥ 0 and the instantaneous frequency f [n] �
(φi [n + 1] − φi [n])/2π in Ni ∈ [

1, Ni−1 − 1
]

. For addi-
tional information on the FDM Algorithm, we refer to [4].
A MATLAB code of FDM is available online at [10].

2.3 Teager Energy Operator TEO

In the last thirty years, many researchers have introduced and
investigated an impressive nonlinear operator named Tea-
ger Energy Operator (or Teager–Kaiser Energy Operator)
in diverse applications, particularly in the AM-FM signal
processing, such as the signal of speech [11].The attractive-
ness of this operator is due to its small time window (ideal
for analysing signals locally), and the simplicity of its basic
definition [12]. This operator can demodulate an AM-FM
signal and extract the instantaneous amplitude (the envelope
signal) and instantaneous frequency of a mono-component
signal.

In the proposedmethod, the T EO is applied to the F I BF
obtained by the Fourier decomposition method for envelope
demodulation of mono-component F I BF , which increases
the characteristic faults, thus facilitating its extraction [13].

For y(t) a continuous-time signal,ẏ(t) its first derivative
and ÿ(t) its second derivative. The simplified form of T EO
of continuous-time t is defined as Eq. (8):

�{y(t)} � ẏ2(t) − y(t) · ÿ(t) (8)

For obtaining the T EO of a discrete-time signal x[n], the
T EO can be redefined by simply changing the derivative
with the difference in Eq. (8). We get the following equation:

�{y[n]} � y2[n] − y[n − 1] · y[n + 1] (9)

where n is the number of samples. More details about T EO
can be found in [12] and [11].

2.4 Fault Characteristic Frequency Ratio“FCFR”

In this work, we need an indicator to assess the fault informa-
tion. However, many indicators are commonly used in many
applications, for example, kurtosis, Shannon entropy prin-
ciple, and correlation coefficient [14]. But, the component
selected by these indicators cannot automatically contain
most fault frequency information [15]. For this reason, the

FCFR value is introduced in this paper to select the FIBF
which contains the largest fault frequency component by
calculating the proportion of fault characteristic frequency
fc and its harmonics in the envelope spectrum. FCFR can be
expressed as follows:

FCFR �
(
∑n

i�1
|E(i · fc)|

)

/(

(1/N )

N
∑

i�1

|E(i · f )|
)

(10)

where E is the envelope spectrum of F I BF obtained by
T EO , f is the frequency resolution and N is the number of
points in the envelope spectrum, i · f c and i · f are the ith
harmonic of fc and f , respectively.

We can calculate the FCFRi and FCFRo of the inner ring
fault and outer ring fault, respectively, substituting the fault
characteristic frequency fc by the inner ring fault frequency
fi and the outer ring fault frequency fo in Eq. (10), respec-
tively.

A basic envelope spectrum analysis reveals that most fault
information is contained in the first three harmonics. Conse-
quently, just the range of the three envelope spectra is taken
into account by substitutingn � 3 and N � 3 fc intoEq. (10),
which also reduces the influence of noise [14].

3 Process of the ProposedMethod FDM-TEO

Figure 1 shows a flow diagram of the detailed calculation
procedure of the proposed method, based on the DM and
TEO. The following steps explain the procedure:

• The FDM is used to decompose a bearing vibration signal
into n mono-component signals called “F I BF”.

• Calculating the TEO of each component FIBF according
to Eq. (9), then application of the FFT operator to obtain
the envelope spectrum.

• Determining the FCFR of the envelope spectrum accord-
ing to Eq. (10), the FIBF with the largest FCFR is chosen
as the effective component, and its envelope spectrum is
analysed for bearing faults detection.

• The largest FCFRi and FCFRo are compared to a prede-
termined threshold δd to determine the presence of faults
as well as their types.
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Fig. 1 Flow chart of Bearing fault diagnosis based on FDM-T EO

4 Applications and Results

4.1 Capability of Separation

We used the technique for evaluating the performance of
EMD provided in [16] and [17] to evaluate the decompo-
sition capability of FDM . For this purpose, the following

Table 1 Parameters of the simulation signals

Symbol of synthetic signals simI R sim0R

Parameters of
synthetic signal
x(t)

A 0.01 0.01

fr [Hz] 10 10

fn[Hz] 2500 4000

fs [Hz] 12,000 12,000

α 90 900

B 0.15sin(2π fr t) 0.25

fc[Hz] fi � 150 fo � 100

n(t)[dB] − 10 − 10

signal xsig1(t) is used, which consists of two pure harmonics
f1 and f2 of amplitudes a1 and a2, respectively, sampled at
1 [Hz].

xsig1(t) � a1cos(2π f1 fs t) + a2cos(2π f2 fs t) (11)

The relative error er of the extraction can be quantified
by Eq. (12). Where xh f (t) is the high-frequency harmon-
ics in xsig1(t) and Exh f (t) represents the high-frequency
component obtained after decomposition by FDM, and ‖·‖2
represents the l2 norm of a vector. This equation is the indi-
cator for evaluating the extracted high-frequency harmonic,
which used to measure the separation capacitance.

er � min
(‖xh f (t) − Exh f (t)‖2/‖xh f (t)‖2, 1

)

(12)

er � 0 indicates the entirely extraction of high-frequency
harmonic Exh f (t) from xsig1(t). But, 0 < er ≤ 1 indicates
that the separation between two harmonics is not completely.

Figure 2 illustrates the relative error er with values
between 0 (black) and 1 (white) at different amplitudes
(a1, a2), the blackest pixels correspond to smaller errors. In
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Fig. 2 Decomposition ability ofFDM : a witha1 � a2 � 4, and 0 ≤ f1 ≤ 0.5, 0 ≤ f2 ≤ 0.5 (b) witha1 � 1, a2 � 4, 0 ≤ f1 ≤ 0.5, 0 ≤ f2 ≤ 0.5
and (c) with a1 � 4, a2 � 1 0 ≤ f1 ≤ 0.5, 0 ≤ f2 ≤ 0.5

123



Arabian Journal for Science and Engineering

other words, black pixels correspond to the complete sepa-
ration of the high-frequency harmonic, while grey and white
pixels correspond to partial separation and non-separation,
respectively. We can easily deduce from this the difficulty
of separation in FDM for high-frequency harmonics when
these frequencies are close to the sampling frequency.

4.2 Application on Simulated Signals

In this part, we validate the proposed method T EO-FDM
for the detection of bearing faults, according to the bearing
fault model developed from three references ([14, 18], and
[19]). Therefore, the proposed synthetic signal x(t), which
emulates the vibration of the bearing, with inner ring fault
and outer ring fault, is generated as follows:

(13)

x (t) � Acos (2π fr t)

+
∞
∑

k�0

Be−α(t−kTc)sin (2π fn (t − kTc)) + n (t)

where A and fr are the amplitude of shaft vibration and
the rotating frequency, respectively, B is the amplitude of
vibration caused by a fault (outer ring or inner ring), and
fc � 1/Tc represents fault frequency ( fc � fi for inner ring
fault or fc � fo for outer ring fault),α is the attenuation
coefficient, fn is the resonance frequency and n(t) is the
Gaussianwhite noise. The specific parameters of x(t) to build
the two simulation signals (inner faults and outer faults) are
presented in Table 1.

The waveforms of the two simulated signals sim0R and
simIR without noise, sampled at12000[Hz], are shown in

Figs. 3a and 4a, respectively. The noisy signals are shown
in Figs. 3b and 4b, which are produced using the MATLAB
function "randn" with an SNR � − 10 dB. The FFTs of
the two signals sim0R and simIR are shown in Figs. 3c
and 4c, respectively. We see on these two spectral figures
that the frequencies of the faults ( fi , fo) are invisible. Also,
from the enlarged view of the frequency-domain waveform
for the low-frequency region shown in Figs. 3d and 4d, the
observation of fault frequencies is impossible, and the impact
signals are entirely flooded by noise. Moreover, the pro-
portion values of fault characteristic frequencies fo and fi
in the spectra of simor and simir are FCFRo � 5.42 and
FCFRi � 4.09, respectively. Therefore, the dominant fre-
quencies are not fiand fo, and it is not easy to extract the
fault characteristics by time-domain and FFT analysis.

The FDM-TEO algorithm is applied to the synthetic sig-
nals to extract the characteristic frequencies of faults ( fo �
100[Hz] and fi � 150[Hz]).We get fifty tow components for
each signal, as shown in Figs. 5 and 6 for simulation signals
simI R and simOR , respectively. Due to the large number
of components obtained after decomposition and the limited
space, we show only six components that contain the most
effective F I BF .

The FCFRi of all F I BF of simir are calculated by
Eq. (10) and are listed in Table 2. The FIBF with the largest
FCFRi is considered the most effective F I BF . From Table
2, the FIBF26 is selected as the most effective component.
Similarly, the FCFRo of all FIBF of simor are also calculated
byEq. (10). The results are listed in Table 3.According to this
table, FIBF22 is selected as the most effective component.

From the result shown in Fig. 7b, we can see the charac-
teristic frequency of the simulated inner ring fault (150[Hz])

Fig. 3 Simulated outer ring
faultsim0R : a Time-domain
waveform without noise;
b Time-domain waveform with
noise (SNR � − 10 dB);
c Frequency-domain waveform;
d Enlarged view of the
frequency-domain waveform

(a)

(b)

(c)

(d)

123



Arabian Journal for Science and Engineering

Fig. 4 Simulated inner ring
faultsimIR : a Time-domain
waveform without noise;
b Time-domain waveform with
noise (SNR � − 10 dB);
c Frequency-domain waveform;
d Enlarged view of the
frequency-domain waveform

(a)

(b)

(c)

(d)

Fig. 5 Decomposition results of
simulation signal simI R using
FDM-T EO; a The
time-domain waveform of some
FIBF; b Envelope spectrum of
these FIBF

(a) (b)

demodulated from the amplitude spectrum FIBF26 and cen-
tred at the high-frequency resonance band (2500[Hz]) shown
in Fig. 7a. Overall, the frequency of a rotation and the charac-
teristic frequencies, aswell as their harmonics that are clearly
identified on the envelope spectrum, show that the fault char-
acteristic is indeed extracted by the proposed method.

As shown in Fig. 8b, the twenty-second component
includes the characteristic frequency of the simulated
outer ring fault (100[Hz]), and its second-order har-
monic (200[Hz]) demodulated from the amplitude spectrum
F I BF22 centred at the high-frequency resonance band
(4000[Hz]) as shown in Fig. 8a, which indicates that the
fault extraction of the simulated outer ring fault is ideal.
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Fig. 6 Decomposition results of
simulation signal simOR using
FDM-TEO; a Time-domain
waveform of some FIBF;
b Envelope spectrum of these
FIBF

(a) (b)

Table 2 FCFRi of all FIBF
obtained by FDM-TEO
decomposition results of the
simulation signal simIR

FIBF FCFRi FIBF FCFRi FIBF FCFRi FIBF FCFRi

1 0.0000 14 0.0001 27 6.2087 40 0.0000

2 0.0000 15 0.0000 28 4.3996 41 0.0012

3 0.0000 16 0.0000 29 1.7292 42 0.0000

4 0.0000 17 0.0000 30 1.9279 43 0.0328

5 0.0000 18 0.0001 31 3.1994 44 0.0000

6 0.0000 19 2.4312 32 0.0001 45 0.0000

7 0.3806 20 2.7545 33 0.0000 46 0.0043

8 0.0000 21 2.1132 34 0.0001 47 0.0000

9 0.0724 22 3.3811 35 0.0000 48 0.0000

10 0.0000 23 1.5867 36 0.0001 49 0.0000

11 0.0000 24 1.3931 37 0.0000 50 0.0000

12 0.0000 25 3.0962 38 0.0000 51 0.0000

13 0.0001 26 9.7786 39 0.0001 52 0.0000

Bold italic values indicate the most effective component

4.3 Noise Impact on the Proposed Approach
Performance

To confirm FDM-TEO efficacy in fault diagnostics in more
detail. We investigate the impact of background noise (SNR
between − 2 dB and − 20 dB) on the performance of the
proposed approach. Table 4 and Fig. 9 demonstrate how
decreasing theSNR results in a lower FCFRvalue. Therefore,
early bearing fault identification from the vibration signal

with SNR less than− 16 dB is impossible because the FCFR
values are low.

4.4 Application onMeasured Signals

After using synthetic data in the previous part, we now assess
the proposed method on measured vibration signals issued
from bearings in rotating machines.
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Table 3 FCFRo of all F I BF
obtained by FDM-T EO
decomposition of the simulation
signal simOR

FIBF FCFRo FIBF FCFRo FIBF FCFRo FIBF FCFRo

1 0.0000 14 1.2861 27 3.1545 40 0.0000

2 0.0000 15 0.6052 28 3.9459 41 0.0000

3 0.0000 16 1.7126 29 3.0025 42 1.5351

4 0.0000 17 0.9980 30 2.8544 43 0.0000

5 0.0000 18 1.7305 31 1.4854 44 0.0000

6 0.1168 19 2.8169 32 4.0475 45 0.0032

7 0.0000 20 3.4980 33 1.5833 46 0.0000

8 0.0214 21 6.7000 34 1.1000 47 0.0109

9 0.0763 22 16.1750 35 1.5776 48 0.0000

10 0.0000 23 12.0753 36 2.9385 49 0.1651

11 0.0000 24 2.8223 37 0.0000 50 0.0000

12 0.0000 25 3.3630 38 1.0831 51 0.0000

13 0.0000 26 3.1003 39 0.0001 52 0.0000

Bold italic value indicates the most effective component

Fig. 7 Spectra of the twenty-sixth
component “F I BF26” obtained
by FDM-TEO of simulation
signal simI R : a Amplitude
spectrum; b Envelope spectrum

2

− +

(a)

(b)

4.4.1 Description of the CWRU Dataset

This work exploits the experimental database of vibration
signals fromvarious faulty parts of the bearing, introduced by
CaseWestern ReserveUniversity as an open-source database
[20].

A simplified schematic platform for the CWRU bearing
test apparatus is shown in Fig. 10. The test data contain
different situations of measurements of normal and faulted
bearings under various conditions such asmotor speed (1730,
1750, 1772 and 1797 [rpm]), motor load (0, 1, 2 and 3 [hp]),
sample frequency (12 or 48 [kHz]), bearing details (Drive
end bearingDE: 6205-2RS JEMSKF, or fan end bearing FE:

6203-2RS JEM SKF) and fault diameter (0.1778, 0.3556 and
0.5334 [mm]).

The vibration signal obtained from the vibration sen-
sor (generally a piezoelectric accelerometer) is a multi-
component signal. Each part of the bearing participates with
a frequency component. The bearing contains four pieces:
an outer ring, an inner ring, a ball and a cage (Fig. 11a).
Each component of this bearing can be affected by a local
fault (Fig. 11b) when the ball passes over the local fault,
so a fault frequency is obtained for each part: cage fre-
quency, ball spinning frequency, outer ring frequency, inner
ring frequency, and rolling-element (ball) frequency. There-
fore, the defects increase the vibrational energy at different
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Fig. 8 Spectra of the Twenty-tow
component “FIBF22” obtained
by FDM-TEO of simulation
signal simOR; a Amplitude
spectrum; b Envelope spectrum

2

(a)

(b)

Table 4 Variation of FCFR of simI R and simOR , as a function of noise

FCFR of Signal-to-noise ratio (SNR)

− 2 dB − 4 dB − 6 dB − 8db − 10 dB − 12 dB − 14 dB − 16 dB − 18 dB − 20 dB

simI R obtained
by proposed
approach

26.58 24.01 20.27 9.29 9.78 7.69 6.59 4.59 5.07 4.57

simOR obtained
by proposed
approach

33.93 24.33 24.99 24.04 16.15 13.70 12.75 7.29 7.13 7.00

frequencies of the bearing components. Below are the char-
acteristic frequencies for each piece [8, 21].

The ball-pass frequency at the inner ring (BPFI):

fi � (N/2) · F · (1 + (B/P)cosα)[Hz] (14)

The ball-pass frequency at the outer ring (BPFO):

fo � (N/2) · F · (1 − (B/P) · cosα)[Hz] (15)

The ball-spin frequency (BSF):

fb � (P/B) · (F/2) ·
(

1 − ((B/P) · cosα)2
)

[Hz] (16)

The fundamental train frequency (FTF):

f � (F/2) · (1 − (B/P) · cos)[Hz] (17)

Equations (14) to (17) are the characteristic frequency for-
mulas for a fixed outer ring bearing, where F � n/60 is
the shaft rotation frequency in[Hz], n is the motor speed in

[rpm], N is the number of rolling elements, and α repre-
sents the contact angle of the balls in [rad]. B and P are,
respectively, the ball diameter’s and pitch circle’s diameter
in[mm]. Figure 12 shows the effect of these fundamental fre-
quencies on the bearing vibration signal [22]. Also, changes
in the speed and load of a rotating machine lead to changes
in vibration.

This study is restricted to diagnosing only the faults of the
most common (inner and outer rings) compared with normal
bearing (faultless).As a result, we chose twelve specific cases
from this large amount of data, as mentioned in Table 5.

Table 5 provides information on the vibration signals used
in this study, collected from three different bearings (inner
ring fault, outer ring fault and faultless) for different motor
speeds and loads, where the diameter of the fault is 0.18
[mm].All vibration signals are sampled at a rate of 12 [kHz],
and the fundamental frequencies fi , fo, fb and f are calcu-
lated by Eq. (14) to Eq. (17), respectively. A one-second
slice of each vibration signal described in Table 5 is shown
in Fig. 13.
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Fig. 9 The noise impact on the
proposed method performance

Fig. 10 Diagram of bearing fault test bench

The representation in the frequency domain of these vibra-
tion signals obtained by applying of the fast Fourier transform
is presented in Fig. 14.

As shown in Fig. 14, the spectra of the faulty bearings
indicate an increase in energy and large peaks in the high-
frequency range (between 2 and 4 kHz). Therefore, the
characteristic fault frequencies, fi , fo less than 200 Hz, are
not dominant or prominent in these spectra, which will be
explained in detail, with specific examples in subsections B
and C below. This increase in energy designates the exis-
tence of a fault (due to the characteristic frequencies and the
additional harmonics resulting from combinations between
them). However, there is no sufficient information about the

failed part of the bearing due to the weakness of the fault
frequency peak, making it indistinguishable, as already con-
firmed in [23].

4.4.2 Bearing with Inner Ring Fault sigIR0

To begin with, the waveforms of the first vibration signal of
a bearing with an inner ring fault sigI R0 sampled at12[kHz],
its FFT spectrum and the zoomed low-frequency spec-
trum are presented in Fig. 15. From Fig. 15, we can notice
that the first three amplitudes of BPF I ( fi ,2 f i ,3 fi , where
fi � 162[Hz]) are not prominent in the enlarged view for the
low-frequency region ofsigI R0, and some other frequencies
in the neighbourhood of BPF I have comparatively larger
amplitudes.

Therefore, this signal was decomposed by FDM − TEO
to separate the component containing the most significant
characteristic frequency of the fault (i.e. the F I BF with
larger FCFRi ) from the original signal sigI R0. Figure 16
displays the analysis result of the FDM-TEO method. With
FDM decomposition, eighty-five FIBFs are obtained from

Fig. 11 A simple schematic of a
ball bearing, a parts of ball
bearing, b possible defects in a
bearing
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Fig. 12 Time-domain waveforms
of vibration signals of bearing,
a outer ring fault, b inner ring
fault, c ball fault

Table 5 Parameters of bearing vibration signals used in this study

Bearing
Details

Motor details Sample
rate
[KHz]

Bearing fundamental frequencies [Hz] Fault details Symbol of
vibration
signal data
in this
study

Motor
speed n
[rpm]

Motor
Load
[HP]

Shaft
frequency
F

BPFI
fi

BPFO
fo

BSF
fb

FTF
f

Fault
Diameter
[mm]

Place of
fault

6205-2RS
JEM SKF
�
0;N=9;B �
7.94[mm];
P �
39.04[mm]

1797 0 12 29.95 162.19 107.36 141.17 11.93 0.18 Inner
ring

sigI R0

Outer
ring

sig0R0

Faultless sigFL0

1772 1 12 29.53 159.93 105.87 139.20 11.76 0.18 Inner
ring

sigI R1

Outer
ring

sig0R1

Faultless sigFL1

1750 2 12 2917 157.94 104.53 137.48 11.62 0.18 Inner
ring

sigI R2

Outer
ring

sig0R2

Faultless sigFL2

1730 3 12 28.83 156.14 103.36 135.91 11.48 0.18 Inner
ring

sigI R3

Outer
ring

sig0R3

Faultless sigFL3
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Fig. 13 A one-second slice of each vibration signal described in Table 5

the vibration signal sigI R0. Then, the Teager Energy Oper-
ator T EO is used to demodulate each F I BF component to
obtain its envelope signal. Due to the limited space, only six
components that contain themost effective FIBF(in this case,
the most effective is the sixty-fifth component FIBF65) are
shown in Fig. 16a, and their envelope spectra are shown in
Fig. 16b.

The time-domain waveform, amplitude and envelope
spectrum of the most effective component F I BF65 are
presented in Fig. 17. From the result shown in Fig. 17c,
we can see the characteristic frequency of the sigI R0
( fi � 162[Hz]) demodulated from the amplitude spectrum
F I BF65 and centred on the high-frequency resonance band
(1.2to1.5[kHz]) shown in Fig. 17b. The proportion values of
characteristic frequencies fi and fo in the spectrumof sigI R0
are given by FCFRi � 24.58 and FCFRo � 7.27, respec-
tively. Overall, the rotational frequency and the characteristic
frequencies, as well as their harmonics, are clearly identified
on the envelope spectrum. On the other hand, the outer ring
fault frequency fo and its harmonics are undetectable. There-
fore, we can easily deduce that the bearing from which this
signal originates contains an inner ring fault and that there is

no outer ring fault. Consequently, the fault characteristic is
indeed extracted by the proposed method.

4.4.3 Bearing with Outer Ring Fault

This time, FDM − T EO is used to analyse the vibration
signal with outer ring fault sigOR0 to obtain its characteris-
tic fault frequency ( fO � 108[Hz]). The waveform of the
vibration signal sigOR0, its FFT spectrum and the zoomed
low-frequency spectrumare presented inFig. 18.As shown in
Fig. 18c, the first three BPFO ( fo,2 f o, 3 fo) amplitudes are
not prominent, and several other frequencies in the fo neigh-
bourhood have relatively higher amplitudes. Therefore, the
characteristic fault frequencies are not evident in the enlarged
view for the low-frequency region of the sigOR0. In this
context, and through the proposed approach, we can make
these characteristic frequencies prominent and easy to detect.
Therefore, this signal was decomposed by FDM-T EO to
separate the component containing the most significant char-
acteristic frequency of the fault (i.e. the F I BF with larger
FCFRo) from the original signal sigOR0. Figure 19 shows
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Fig. 14 Spectra of vibration signals listed in Table 5, obtained by application of the FFT operator

Fig. 15 Measured vibration
signal sigI R0: a Time-domain
waveform; b Frequency-domain
waveform; c Enlarged view of
the frequency-domain waveform
( fi � 162.19[Hz])

2 3

(a)

(b)

(c)
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Fig. 16 Decomposition results of
the measured signal sigI R0 using
FDM-TEO; a Time-domain
waveform of some components
FIBF; b Envelope spectrum of
these FIBF

(a) (b)

Fig. 17 Spectra of the sixty-fifth
component F I BF65 obtained
by FDM-TEO of signal sigI R0:
a Time-domain waveform;
b Frequency-domain waveform;
c Envelope spectrum (
fi � 162.19[Hz] fault
frequency,F � 29.95[Hz] shaft
frequency)

2
+ 2− 2

(a)

(b)

(c)

the analysis result of the FDM-T EO method, and twenty-
four F I BFs are obtained from the vibration signal sigOR0.
But, only the first six components which contain the most
effective F I BF (in this case, the most effective is the first
component F I BF1) are shown in Fig. 19a, and their enve-
lope spectra are shown in Fig. 19b.

Figure 20 shows the time-domain waveform, ampli-
tude and envelope spectra of the most effective
componentF I BF1. From the result shown in Fig. 20c,

we can see the characteristic frequency demodulated from
the amplitude spectrum of F I BF1 centred on the high-
frequency resonance band (3.5to4[kHz]) shown in Fig. 20b.
Three clear peaks of fo can be identified from Fig. 20c, and
the first is the outer ring fault frequency ( fo � 108[Hz]),
and the second is two times the outer ring fault frequency
(2fo � 216[Hz]), the third peak is (3 f o � 324[Hz]). The
proportion values of characteristic frequencies fi and fo
in the spectrum of sigOR0 are given by FCFRi � 5.35
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Fig. 18 Measured vibration
signal sigOR0: a Time-domain
waveform; b Frequency-domain
waveform; c Enlarged view of
the frequency-domain waveform
( fo � 107.36[Hz])

(a)

(b)

(c)

Fig.19 Decomposition results of
the measured signal sigOR0
using FDM-TEO, a Waveform of
time-domain of some
components F I BF ; b Envelope
spectrum of each FIBF

(a) (b)

andFCFRo � 37.33, respectively. Overall, the rotational
frequencyF , the characteristic frequency fo, and their har-
monics are identified on the envelope spectrum. On the other
hand, the inner ring fault frequency fi and its harmonics
are undetectable. Therefore, we can easily deduce that the
bearing from which this signal originates contains an outer
ring fault and that there is no inner ring fault. Consequently,
the fault characteristic is extracted by the proposed method.

4.4.4 BearingWithout Fault (Normal)

The spectral envelopes of effective F I BFs extracted from
the normal bearing vibration signals (faultless) obtained by
FDM-T EO are shown in Fig. 21. Where, in the four sig-
nals sigFL0,sigFL1,sigFL2 and sigFL3 no characteristic
frequency related to the fault can be observed from the F I BF
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Fig. 20 Spectra of the first
component F I BF1 obtained by
FDM-TEO of signal sigOR0:
a Time-domain waveform;
b Frequency-domain waveform;
c Envelope spectrum
( fo � 107.36[Hz] fault
frequency,F � 29.95[Hz] shaft
frequency)

(a)

(b)

(c)
2

3
−

2 −

(a) (b)

(c) (d)

Fig. 21 Spectra of the effective F I BF obtained by FDM-TEO of nor-
mal bearing vibration signals: a sigFL0 (where fo � 107.36[Hz],
fi � 162.19[Hz] and F � 29.95[Hz]); b sigFL1 (where fo �

105.87 [Hz], fi � 159.93[Hz] and F � 29.53[Hz]); c sigFL2 (where
fo � 104.53[Hz], fi � 157.94[Hz] and F � 29.17[Hz]); d sigFL3
(where fo � 103.36[Hz], fi � 157.94[Hz] and F � 28.83[Hz])

Table 6 Largest FCFRi and FCFRo of each measured signals obtain by proposed approach

Parameters Signals

sigI R0 sigI R1 sigI R2 sigI R3 sig0R0 sig0R1 sig0R2 sig0R3 sigFL0 sigFL1 sigFL2 sigFL3

F I BFN ◦ 65 63 55 18 02 13 07 05 02 02 02 02

FCFRi 24.58 39.01 52.20 26.09 5.35 1.93 3.24 5.43 4.85 4.24 2.97 4.36

F I BFN ◦ 67 58 47 21 02 11 04 05 02 02 02 02

FCFRo 7.27 4.18 3.26 4.54 37.33 27.86 35.41 44.29 4.83 4.42 4.19 2.92
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Fig. 22 Diagram of cluster analysis based on FCFR

frequency spectra. So, we can deduce that this bearing is in
normal working condition.

4.4.5 Fault Extraction Based on FCFR and FDM-TEO

Table 5 lists the signal characteristics used in this subsection,
andFigs. 13 and 14demonstrate their time and frequency rep-
resentations. The characteristics of all the signals used in this
subsection are specified in Table 5, and their two represen-
tations, in the time and the frequency domains are shown in
Figs. 13 and 14, respectively. The same steps that we carried
out previously on the signals sigI R0 and sigOR0 are applied
to these signals. In other words, all signals are processed
by the proposed method. The frequency parameters FCFRi

and FCFRo of all effective components are used to generate
the vector of fault characteristics (Table 6).

Table 6 shows the FCFRi and FCFRo of the twelve
signals studied in this subsection. For example, the effective
F I BF of sigI R2 decomposed by FDM-T EO , which con-
tains the largest characteristic frequency fi � 157.94[Hz],
is that of the FIBF55, and its values are FCFRi � 52.20 and
FCFRo � 3.26. Figure 22 shows the successful classifica-
tion of bearing faults because the different signals are located
at different places on the characteristic surface. Therefore,
the extraction of fault characteristics based on the proposed
FDM-T EO method can detect the bearing fault effectively.

Furthermore, Table 7 presents the average value of the
fault frequency rates (FCFRi and FCFRo). We can see
that these values (rates) for normal bearing are low (less than
5). The occurrence of a bearing fault leads to a significant
increase in the corresponding fault frequency component.
Therefore, the average values of the inner ring fault frequency

Table 7 Average value of the FCFRi and FCFRo in diverse bearing
situations

Average value of the
FCFR

Types faults

Faultless Inner ring Outer
ring

FCFRi 4.10 35.47 6.06

FCFRo 4.09 7.28 36,22

Fig. 23 The FCFRfi and FCFRfo of bearing vibration signals with faults
in the inner and outer rings, respectively, obtained by the different meth-
ods

rates are FCFRi � 35.47 and FCFRo � 7.28. However,
the average values of the outer ring fault frequency rates are
FCFRi � 6.06 and FCFRo � 36, 22. These results can
determine the discrimination threshold δd between inner ring
fault bearings, outer ring fault bearings and normal bearings.
Overall, it is not easy to determine a reliable threshold for
fault diagnosis without false alarms ormissed alarms, and for
the practical importance of the threshold, this requires many
samples used for each condition.

4.5 Comparison and Discussion

To show that FDM-TEO is an excellent way to find problems
with bearings, we use it on vibration signals from bearings
with faults in both the inner and outer rings and, simulta-
neously, compare it with other methods. (EMD-TEO and
VMD-TEO).

The ensemble SIGI R0 through SIGI R3, including bear-
ing vibration signals with inner ring faults, is the first
ensemble in which these methods are applied. All values of
FCFR f i are plotted in Fig. 23 and shown in Table 8’s first
four rows. As can be seen, FDM-TEO yields an excellent
value for "FCFR f i " for "SIGI R0" than the values acquired
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Table 8 The FCFR f i and

FCFR f o of bearing vibration
signals with faults in the inner
and outer rings, respectively,
obtained by the different methods

Parameters Signals Methods

EMD − T EO VMD − T EO FDM − T EO

FCFR f i S IG I R0 46.0476 37.2928 24.5829

SIGI R1 45.5615 34.25 39.0197

SIGI R2 38.2333 37.0253 52.207

SIGI R3 30.9176 28.7519 26.0974

FCFR f o SIGOR0 43.4316 40.0305 37.3358

SIGOR1 29.1865 29.7359 27.8663

SIGOR2 39.2928 37.3698 35.4107

SIGOR3 44.0969 37.5544 4,42,991

by the other two methods. The values acquired by the EMD-
TEO are higher than those obtained by the other methods for
the other three signals. In general, the FCFR f i s of the three
methods are close, with a slight superiority of FDM-TEO
over VMD-TEO, and EMD-TEO over both. These results
are according to the FCFR f i average values obtained by
the three methods, which are 40.19 by EMD-TEO, 34.33 by
VMD-TEO and 35.47 by FDM-TEO.

Next, these methods are applied to bearing vibration sig-
nals with faults in the outer ring (SIGOR0 to SIGOR3). The
FCFR f O of all signals are shown in the last four rows of
Table 8 and Fig. 23 as a graph. When we look at this set the
same way we looked at the last set, we get the same result:
the FCFRs of the three approaches are close, with FDM-
TEO slightly beating VMD-TEO and EMD-TEO over both.
These results compare the three methods’ average FCFR val-
ues, which are 39.00 for EMD-TEO, 36.17 for VMD-TEO,
and 36.23 for FDM-TEO.

5 Conclusion

This paper presents an alternative approach that combines
FDM, TEO and FCFR to study bearing vibration signals
for fault extraction. Initially, we use FDM to decompose the
vibration signal. The next step is to use the TEO to detect the
envelopes and the FFT to determine their spectra. The greater
FCFR value of each component’s envelope determines the
most effective component. The "FCFR" values of the effec-
tive components are significant features for fault extraction
from bearing vibration signal < ls.

The methodology’s effectiveness is tested in two distinct
ways: applying it to simulated and real vibration signals and
comparing it to similar recent methods. It is possible to draw
the following inferences from the data shown thus far.

(1) The suggested approach is based on FDM,which differs
from EMD and VMD because it is not experimental and
does not call for parameter presets.

(2) The suggested approach also uses TEO for envelope
extraction, which benefits a narrow time window and a
straightforward mathematical expression, as discussed
inSect. 2.3.As a result, the suggested technique is highly
effective and has low computational complexity. The
suggested approach is ideal for real-time problem diag-
nostic systems that require online monitoring.

(3) Additionally, the FCFR metric is used to evaluate fault
information in the proposed approach, which, in con-
trast to other indicators, can automatically contain the
greatest information about fault frequency (see Sect. 2.4
for more details).

The comparison investigation we conducted for this work
showed that despite all the benefits mentioned above of the
suggested technique and its slight superiority over VMD,
EMD still performed somewhat better. As a result, we will be
working to enhance the suggested method’s FCFR outcomes
so that it can compete with EMD.
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