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Abstract: Broken rotor bar (BRB) faults are one of the most common faults in induction motors (IM).
One or more broken bars can reduce the performance and efficiency of the IM and hence waste the
electrical power and decrease the reliability of the whole mechanical system. This paper proposes
an effective fault diagnosis method using the Teager—Kaiser energy operator (TKEO) for BRB faults
detection based on the motor current signal analysis (MCSA). The TKEO is investigated and applied
to remove the main supply component of the motor current for accurate fault feature extraction,
especially for an IM operating at low load with low slip. Through sensing the estimation of the
instantaneous amplitude (IA) and instantaneous frequency (IF) of the motor current signal using
TKEO, the fault characteristic frequencies can be enhanced and extracted for the accurate detection of
BRB fault severities under different operating conditions. The proposed method has been validated
by simulation and experimental studies that tested the IMs with different BRB fault severities to
consider the effectiveness of the proposed method. The obtained results are compared with those
obtained using the conventional envelope analysis methods and showed that the proposed method
provides more accurate fault diagnosis results and can distinguish the BRB fault types and severities
effectively, especially for operating conditions with low loads.

Keywords: induction motor; broken rotor bars; fault diagnostics; motor current signal analysis;
Teager—Kaiser energy operator

1. Introduction

Broken rotor bars (BRB) are frequent faults that represent around 9%, according to the IEEE, among
all kinds of induction motor (IM) faults [1]. As the performance and efficiency of the IM are thoroughly
affected by BRB faults, early BRB fault diagnosis plays a major part in ensuring the IMs’ work safety,
reliability, and energy saving [2]. The variation of rotor resistance caused by BRB faults can affect the
motor current directly and enhance its modulation characteristics. Therefore, motor current signal
analysis (MCSA) is widely used to detect BRB faults based on modulation characteristic analysis [3].
With the advantages of non-invasion, low cost, and the ability to operate without needing any extra
sensors installed, MCSA has successfully attracted researchers’” attention for detecting BRB faults with
various kinds of measurements, such as vibration, acoustic, and temperature, et al. [4,5]. Furthermore,
various signal processing methods have been developed and investigated for motor current signatures
analysis [6,7]. Spectral analysis based on fast Fourier transform (FFT) is a conventional method that
has been widely applied in MCSA. BRB fault characteristic frequency can be identified and extracted
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for BRB fault detection based on the spectral analysis of the motor current signal [3]. However, the low
fault frequency that is modulated on the main supply frequency, especially under lower operating
loads with low slip, limits the accurate spectral analysis of BRB fault detection, as the leakage of the
main supply frequency can hide the fault frequency components [8]. This is a major difficulty of the
spectral analysis method for accurate fault feature extraction based on MCSA.

Many advanced signal-processing methods have been investigated and developed for the accurate
fault diagnosis of IMs by removing the strong influence of the main supply components on fault feature
extraction [9-12]. Gu et al. [13] proposed the modulation signal bispectrum method-based sideband
estimator (MSB-SE) by achieving the amplitudes at a BRB fault characteristic frequency. The results
verified that the proposed method is effective in both detecting the BRB fault and predicting BRB
severity under loads no lower than 25%. Sapena-Bano at al. [14] applied the reduced envelope analysis
(REA) for a BRB fault detection with low computational resources and found that BRB faults can be
detected under different operations. de Jesus et al. [15] performed the mathematical morphology
(MM) for BRB fault diagnosis based on MCSA in which the tested loads ranged from 25% to 100%
for different cases that were carried out to verify the efficiency of the proposed technique. It found
that the selected frequency processed by MM could better indicate the BRB fault than the BRB fault
characteristic frequency. These above-mentioned methods can extract the fault-related frequency
components effectively for BRB fault identification and detection based on the demodulation analysis.
However, most of them only take into account the analyzed signal as a modulation signal during the
process, but cannot distinguish whether the modulation sideband is caused by amplitude modulation
(AM) or frequency modulation (FM) [16]. Therefore, it is necessary to accurately separate AM and FM
from the modulation sidebands for accurate fault mode identification.

Envelope analysis based on Hilbert transform (HT) is a typical demodulation technique that has
been used for decades and provides much more diagnostic information than the conventional spectral
analysis [14]. The analytic signal constructed by HT contains amplitude and phase information, which
can be used to reflect the envelope of a signal [12]. Wang et al. [17] applied Hilbert transform to
demodulate the signal for bearing fault diagnosis. Trajin [18] proposed the Concordia transform to
construct a complex vector based on a two-phase current signal from a three-phase AC IM. The space
vector is able to separate the diagnosis signal and achieve the demodulation purpose. Even envelope
analysis has been widely applied in machinery fault diagnosis, it mainly focuses on the demodulation
of AM while ignoring the FM component in the analyzed signal. For an IM with BRB faults, the main
supply current is modulated with BRB fault frequency by AM and FM simultaneously. It is hard to
demodulate the BRB fault characteristic frequency under low loads, especially no loads [19], because
(1) the AM characteristic is not obvious under low loads, which means that the FM characteristic of the
signal cannot be ignored; and (2) the slip under low loads or no loads is very small, which makes the
BRB fault characteristic frequency also very small and close to 0 Hz. This means that the amplitude of
the modulated component related to fault severities is more easily influenced by the leakage of the
main supply components [19,20]. Therefore, a method that can be used to demodulate the AM and
FM components simultaneously in the time domain needs to be investigated for BRB fault detection,
especially at low motor slip.

The Teager—Kaiser energy operator (TKEO) is a demodulation method that can effectively
demodulate the AM and FM signals simultaneously in the time domain and has attracted researchers’
interests by its ability to improve the signal-to-noise ratio and be completed in real time, as well as its low
computational consumption [21-23]. Pineda et al. [8] applied TKEO in detecting IM faults including
broken bars, mixed eccentricity, and single-point bearing faults using MCSA. As the adverse effect of
spectral leakage is reduced by TKEO, the analysis results show superiority with high efficiency and
accuracy for an offline IM faults diagnosis system. Zhao et al. [24] expound that TKEO can successfully
detect impact signals and is proper for processing non-stationary signals; therefore, it is useful in wind
turbine bearing fault diagnosis using vibration signals. In their study, simulation work and experimental
work were carried out and certified that the proposed method is effective in extracting fault features.
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The results also show excellence in comparison with empirical mode decomposition and conventional
spectral analysis. Khoshnami et al. [25] found that the TKEO algorithm can be used to detect the
photovoltaic fault conditions as well as further distinguish string-to-ground, string-to-string, and
open-circuit faults. The fault indicator achieved by their proposed method used limited computational
resources without a huge dataset and costly sensors. Patricia et al. [26] transformed vibration signals
using the TKEO method for bearing faults detection, and the experimental analysis results showed
that the computation of the TKEO is simpler and faster than band-pass filtering. Liu et al. [27] detected
stator inter-turn faults by analyzing inverter common-mode voltage using TKEO. In their research, the
TKEO method was used to improve the signal-to-noise ratio (SNR) and extract the faults severities
effectively. As a method for determination of the amplitude and frequency of a signal, TKEO was also
developed to analyze the speech and evaluated to be effective in car and multi-talker babble noise
environments [28].

With the function of demodulating AM and FM, TKEO is proposed in this paper to process the
measured motor current signal for BRB fault diagnostics. The proposed method is validated both
in simulation and experimental studies for fault types and severities identification and classification.
Moreover, the analysis results are compared with conventional envelope analysis, which was proposed
to be an effective AM signal demodulation technique. The comparison results show that the TKEO is
effective in demodulating the BRB fault-related components for fault feature extraction, even under no
load conditions.

This paper is organized as follows. Section 2 briefly introduces the basic theory of a motor current
signal model with the BRB fault and the TKEO method. Section 3 presents the simulation analysis
to demonstrate that the TKEO is effective in demodulating the AM signal and FM signal. Section 4
introduces the test rigs and test details along with the analysis results, followed by a discussion in
Section 5. Section 6 draws the conclusions.

2. Current Signal Model and TKEO

2.1. Motor Current Signal for BRB

In induction motors, additional components will be induced and modulated in the main supply
stator current when BRB faults happen [13]. The fault frequency can be expressed as fr in Equation (1):

fr=2sfs 1)

where s and f; represent the slip and the main supply frequency, respectively. s can be expressed by
Equation (2):
so Qezor  SOL/p- @)
ws 60fs/p

where w; and w; represent the synchronize speed and the rotor speed, respectively. p is the number of
the pole pairs of the IM.

By considering the amplitude, phase change, and its effect in linkage flux etc., the motor current
signal in phase A (i4) in healthy induction motors and those with BRB faults (ig) can be presented in
Equations (3) and (4) correspondingly.

in = V2I cos(2nfit — ay) ©)

i = V2Isin(2nfit - ap — ¢z + § + 1) + V2I cos[2m(fi — fr)t — ap — 0]

+V2Ip, cos[Zn(fS + fr)t = 2ap 4+ ap — ¢z + Apz, + %] 4)

where [ is the root mean square (RMS) of the main supply current; and ¢ is the linkage flux. ay, ay,
and ar represent the phases of the main supply current, flux, and BRB, respectively. ¢z and A¢z, are
the phase by the winding impedance and corresponding sidebands. I is the amplitude of the lower
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sideband in the RMS value. Ir, represents the modulus of the sideband components due to speed
oscillation, which was caused by BRB faults.

2.2. Teager—Kaiser Energy Operator

TKEO is an energy-tracking operator that is used to estimate the instantaneous energy of a signal
in the time domain. It was first proposed by Teager [28] for application in speech analysis [29] and
derived by Kaiser [30], and it is efficiently and effectively estimated from three adjacent samples in
real-time. The TKEO is defined in both continuous and discretized forms [31] as expressed in Equations
(5) and (6), respectively.

W x()] = [x(0)] - x()i() 5)
Wla(n)] = [x(m)]? — x(n + 1)x(n—1) ©)

For the current signal of the IM shown in Equation (7), with slowly varying amplitude and a
frequency whose first derivative can be ignored [32],

x(t) = A(t) cos O(t) (7)
where w(t) = @(t); then,
x(t) = —D(H)A(t) sin D(t) + A(t) cos D () =~ —w(t)A(t) sin D(t) (8)

(1) ~ —@()A(H) sin (1) — A(H)w(t) sin D(t) — w(£)A(t) cos D(£)D(t)

~ —[w(t)]PA(t) cos D(t) ©)
% (t)  —2w (1) (H)A(F) cos D(t) — [w(E)]A(t) cos () + [w(E)PA(H) sin D(t) 10)
[w()PA(t) sin d(¢).
Then, ,
Wlx(t)] = [#()] - x(B)i(t) ~ [w(t)P[A(H)]*[sin? D(t) + cos? D(t)] a1
= [w(®OPIAW®]
%[ﬂ(t)} = [#(6)] — 2() % (1)
~ [~[w(B)]?A(t) cos D(t) | = [~w(t)A(t) sin D(t)  [w(t)]PA(t) sin D(t)] (12)

4 2
= [w(®O[AM)]"
Based on Equations (11) and (12), the instantaneous amplitude (IA) and instantaneous frequency
(IF) formulas using TKEO can be derived and expressed in Equations (13) and (14), respectively [31].

At) = M (13)
w[x(1)]
W, |x(t

3. Simulation Study

In most cases of the machinery fault diagnostics, the modulation sideband caused by the fault
around the carrier frequency components includes AM and FM components simultaneously. To
validate the capability of the TKEO for AM and FM components” demodulation and separation, a
simulation study is carried out mathematically. A simulated signal including the pure AM component
at the frequency of f; is given in Equation (15); a simulated signal including the pure FM component at
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the frequency of f; is given in Equation (16); a simulated signal including the AM and FM components
simultaneously is expressed in Equation (17). The simulated carrier frequency for the three modulated
signals is fc.

Xam = A[l + a-cos(27m f,t)] cos(2m fet) (15)
xrm = A cos[anct + B cos(anf)] (16)
Xam+rm = [1+ a-cos(2mfut)|-xpm (17)

where a is the AM factor and f is the FM factor, which are used to set up the degree of AM and FM,
respectively. A is the amplitude of the simulation signal, which is set up to 1 in the simulation studies.

Two cases are carried out to validate the performance of the TKEO in the separation of AM and
FM components. In the first case, the frequency of the AM component is not equal to that of the FM
component (f, # f), and the frequencies of AM and FM are same in the second case (f; = fy). The
parameters for Equations (15)—(17) are set up as listed in Table 1.

Table 1. Parameters’ setup for simulations.

Case No. A a B f.Hz f,(Hz) f;(H2)
Case 1 1 0.1 0.5 50 3 7
Case 2 1 0.1 0.5 50 7 7

Figure 1 presents the waveform and the corresponding spectrum of the three types of simulation
signals. The AM signal means that the carrier signal is only modulated in the AM mode, while the
FM signal means that the carrier signal is only modulated in the FM mode, and AM+FM means that
the carrier signal is modulated in the AM and FM modes simultaneously. All the simulation signals
are added Gaussian noise with the signal-to-noise ratio of 30 dB. It can be seen from Figure 1 that
the modulation sidebands induced by AM and FM are well presented in the spectrum. Then, the
TKEO method is applied to analyze the simulation signal shown in Figure 1a,c,e, respectively, and the
waveform and the corresponding spectrum of the processed signal by TKEO are shown in Figure 2.

(a) Waveform of AM signal (b) Spectrum of AM signal
1
(] [}
E 0 g 0.2
= =
£ g
0 A A
0 0.2 0.4 0.6 0.8 1 40 45 50 55 60
Time(s) Frequency(Hz)
(c) Waveform of FM signal (d) Spectrum of FM signal
1
(] [}
g 0 g 0.2
= =
£ g
0
0 0.2 0.4 0.6 0.8 1 40 45 50 55 60
Time(s) Frequency(Hz)
(e) Waveform of AM+FM signal (f) Spectrum of AM+FM signal
1
(] [}
E 0 5 0.2
= =
£ g
0 A A
0 0.2 0.4 0.6 0.8 1 40 45 50 55 60
Time(s) Frequency(Hz)

Figure 1. Waveform and spectrum of the simulation signals.
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Figure 2. Waveform and spectrum of the processed signal by the Teager-Kaiser energy operator
(TKEO).

From the waveform of the processed signal using the TKEO as shown in Figure 2a,ce, it
demonstrates that the TKEO of the AM, FM, and AM+FM signals can reveal the modulation effects
effectively. According to the spectrum of the TKEO of the three types of signals, as shown in Figure 2b,d f,
the TKEO cannot only expose the modulation sideband caused by the AM or FM individually, but also
can extract the modulation sideband caused by the AM and FM simultaneously.

For comparison analysis, envelope analysis is employed to analyze the simulation signal shown
in Figure 1a,c,e, and the corresponding envelope spectrum for the three types of simulation signals
are presented in Figure 3a,c,e. It can be seen from Figure 3a,e that the envelope analysis is able to
demodulate the AM components effectively, but cannot exhibit the FM components when the analyzed
signal is modulated in FM modes, as shown in Figure 3c,e. It demonstrates that the TKEO method can
be used to exhibit the modulation sideband caused by AM and FM simultaneously.

In order to separate the AM and FM from the modulation sideband using TKEO, the instantaneous
amplitude (IA) and instantaneous frequency (IF) are calculated by Equations (13) and (14). The
spectrum of IA and IF for the simulation signals are presented in Figure 4. Comparing the spectrum
of IA based on the TKEO analysis as shown in Figure 4a,c,e to the envelope spectrum as shown in
Figure 3a,c,e, it was found that the instantaneous amplitude based on the TKEO analysis can obtain
similar results with that of the envelope analysis. In addition, through analyzing the spectrum of IF
based on the TKEO analysis as shown in Figure 4b,d,{, it found that the IF can expose the modulation
sideband caused by FM effectively. This demonstrates that the IA can be used to exhibit the AM
components in the modulation signal, while the IF can be applied to reveal the FM components in
the modulation signal. Therefore, the AM and FM from the modulation sideband can be separated
effectively using IA and IF based on the TKEO analysis.
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Figure 4. Spectrum of instantaneous amplitude (IA) and instantaneous frequency (IF) based on

TKEO analysis.

In addition, the frequency of the AM and FM components is set up as the same value (7 Hz) as
that in Case 2 of the simulation study. The IA and IF spectrum for Case 2 are shown in Figure 5. It can
be seen that even the modulation frequency of AM and FM are the same and modulated on the carrier
signal simultaneously; the IA and IF can separate the AM and FM components from the modulation

sideband effectively.
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Figure 5. Spectrum of IA and IF based on TKEO analysis when f; = f.

4. Experimental Setup and Test Procedure

To validate the performance of the proposed method on BRB fault diagnostics for IMs based on
MCSA, the experiment study is carried out on an IM test bench for different fault detection.

The diagram of the IM test bench shown in Figure 6 consists of an AC drive motor, a flexible
coupling, and a DC load generator. The driving AC motor is a three-phase AC induction motor with
the power of 4 kW, a rated speed of 1420 rpm, and two pole pairs. The detailed specifications of the
test IM are listed in Table 2. A load generator is coupled to the AC motor directly by using flexible
couplings. The coupling is a three-jaw hard rubber with a size of 150 mm and can provide 100 kW at a
speed of 1600 rpm. The AC motor is controlled by a feedback control system. In such a system, the
real operating speed is measured and sent to the controller in real time. Then, the controller of the
IM driver will automatically adjust the main supply frequency to achieve the best approximation of
the expected operating speed, which has been set. The encoder, which is installed at the end of the
IM, outputs 100 pulses and 1 pulse per revolution for the instantaneous speed measurement. The
devices for measuring the motor current are Hall-effect current transducers with the measuring range
from 0 to 50 A with the tolerance of +£0.005 mA. The outputs of the encoder sensor together with the
three current sensor are digitalized by a 16-channel, 24-bit data acquisition system, and the sampling
frequency is setup at 96 kHz for data recording during the tests. The detail data acquisition system
parameters are shown in Table 3.

Table 2. Specifications of a test IM.

Parameters Value
Rated voltage (A/Y) 2307400
Rated current (A/Y) 15.9/9.2 A

Motor power 4 kW
Number of phases 3
Number of poles 4 Poles
Supply frequency 50 Hz
Rated speed 1420

Number of rotor bars 28
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Table 3. Specifications of the data acquisition system.

Parameters Value
Input range +10V
Number of channels 16 (selectable)
A/D conversion resolution 24 bit
Sampling rate (maximum) 96 kHz per channel (Parallel sampling)

AC U
Power

Data Processing

n Flexible BRB L and Show
. Coupling
Encoder
DC Generator AC Induction
Motor

Figure 6. The diagram of the induction motors (IM) test system.

The IMs with two kinds of rotor bar faults were tested under different operating conditions for
motor current signal measurement. The two fault cases are rotors with 1 BRB and 2 BRB, as shown in
Figure 7. The BRB faults are bar breakages that have been artificially produced by drilling one bar to

its full depth.

Figure 7. Rotor fault cases of 1 broken rotor bar (BRB) (left) and 2 BRB (right).

In order to evaluate the performance of the proposed methods in detecting BRB faults under
different operating conditions, especially under lower loads and an even unload, the tests are carried
out at the rated speed and under the loads from unload to 80% load with the interval of 20%, as shown
in Table 4. The acquisition sampling rate of 96 kHz for 30 seconds is set for each operating condition.

Table 4. Test operation conditions.

Fault Case Speed (%) Load (%) Sampling Rate (kHz)  Time (s)
1 BRB 100 0 20 40 60 80 96 30
2 BRB 100 0 20 40 60 80 96 30
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5. Results and Discussion

5.1. Frequency Characteristics of BRB

According to the theoretical analysis in Section 2.1, the main supply stator current will be
modulated by additional frequency components that are related to the BRB fault. The modulation
sidebands caused by the fault around the main supply frequency contain the relative information for
fault diagnosis. Figure 8 shows an example of the waveform and the corresponding spectrum of the
measured motor current signal from a healthy IM and an IM with a BRB fault. As shown in Figure 8a,
it is difficult to find the differences of the waveform between the healthy and faulty cases in the time
domain due to the low degree of modulation. However, it is easy to identify the modulation sideband
related to the fault by spectrum in the frequency domain, as shown in Figure 8b.

(a) Waveform of current signals

Amplitude(A)

Time(s)

(b) Spectral of current signals

0.2 T T T T T

015 | +_ Carrier frequency

Amplitude(A)

Frequency(Hz)

Figure 8. Current from healthy and faulty IM.

However, the fault frequency will be varied along with the main supply frequency (fs) and slips
(s) according to Equation (1) in Section 2.1, and the slips (s) are sensitive to the operating loads. Based
on the measured current signals in the tests, the main supply frequencies (f;) for different operating
conditions and fault cases are calculated and listed in Table 5. It shows that the main supply frequency
is around 50 Hz under different operating conditions, but it is slightly varied and increases along with
the increases of operating loads. Hence, the slip and fault frequency will be also changed based on the
calculations using Equations (1) and (2) in Section 2.1. The slips and the BRB fault frequency in the
experiment study are calculated and listed in Tables 6 and 7, respectively.

Table 5. Measured main supply frequency under different loads.

Main Supply Frequency f, (Hz)
Load 0% Load 20% Load 40% Load 60% Load 80%

1 BRB 49.3857 49.7190 50.0619 50.4190 50.7810
2 BRB 49.3810 49.7048 50.0524 50.4095 50.7714

Case
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Table 6. Slip under different loads.

Slip s
Case
Load 0%  Load20% Load40% Load 60% Load 80%
1 BRB 0.2077 0.9007 1.6410 2.4257 3.3624
2 BRB 0.2082 0.9362 1.7218 2.5557 3.5724

Table 7. Fault characteristic frequency under different loads.

Fault Characteristic Frequency 2sf, (Hz)

Case

Load 0% Load 20% Load 40% Load 60% Load 80%
1 BRB 0.2051 0.8957 1.6430 2.4460 3.4149
2 BRB 0.2056 0.9307 1.7236 2.5766 3.6276

Form Table 7, it can be seen that the values of the fault frequency are very small at lower operating
loads (0% and 20% loads), and it is more easy to be submerged by the spectral leakage of the main
supply frequency. Therefore, it is difficult to obtain accurate results using spectral analysis for BRB
fault diagnosis, especially at lower operating loads.

Figure 9 displayed the spectrum of the measured current signal of the tested IM with 2 BRB
fault under different loads. It found that the modulation sideband caused by the BRB fault cannot be
identified obviously in Figure 9a (0% load), 9b (20% load) and 9c (40% load), as their amplitudes are
very low and mainly submerged by the spectral leakage of the main supply frequency. Therefore, it is
necessary to remove the main supply frequency components of the current signal for accurate fault
feature extraction.

(a) Speclrum of the motor current swgnal for 2 BRB under load - 0%

46 a7 52 53 54 55

Amplitude(A)

Frequency(Hz)
(b) Spectrum of the motor current slgnal for 2 BRB under load - 20%

os [ T T T T ]
s,;,g -~
. - .
48

46 47 52 53 54 55
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(c) Spectrum of the motor current signal for 2 BRB under load - 40%
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Figure 9. Spectrum of the current signal for 2 BRB under different loads.
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5.2. The TKEO Analysis Results

Based on the theoretical analysis in Section 2.2 and simulation evaluation in Section 3, TKEO is an
effective method to remove the main supply component and separate the AM and FM components
from the modulation sidebands for accurate fault identification. Therefore, the TKEO method is applied
to analyze the measured motor current signals in order to validate the performance of the TKEO on the
main supply frequency components’ suppression and modulation sidebands’ separation.

Figure 10 illustrates the TKEO spectrum of the measured signals from the IMs with BRB faults
under different operating loads. It shows the distinctive peaks at the fault characteristic frequencies
under all load conditions. Furthermore, the amplitude of the fault characteristic frequency shows
good consistency that increases along with the increases of the operating loads. Moreover, it also
shows excellence in noise deduction for the enhancement of fault frequency components without
interference components.
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Figure 10. TKEO spectrum of the motor current signal for BRBs under different loads.

Then, the amplitude values of the fault characteristic frequency are extracted as the fault detector
for the BRB fault classification based on the TKEO spectrum, and the classification result is shown
in Figure 11a. It can be seen that the BRB fault severities can be distinguished effectively for most of
the operating loads except for the unload condition (0% load) and provide consistent trends for BRB
fault diagnostics.
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Figure 11. Fault detector for BRB under different loads: (a) TKEO analysis; (b) Envelope analysis.

For comparison analysis, the envelope analysis is applied to demodulate the modulation sideband
components from the measured motor current signals for BRB fault detection. The envelope spectrum
of the motor current signals measured from the IMs with BRB faults under different operating loads
is illustrated in Figure 12. It demonstrates that the fault characteristic frequency can be highlighted
under higher loads, such as 40%, 60%, and 80% loads, but it is difficult to extract the fault characteristic
frequency in the lower loads (0% and 20% loads), as the fault characteristic frequencies are polluted
by the strong noise and interference components. Moreover, there are strong interference frequency
components at lower frequencies for all the load conditions as marked with a square box in Figure 12,
such as around 0.5 Hz under 20% load, around 0.3 Hz under 40% load, and around 0.8 Hz under
60% load. The interference frequency components will affect the accuracy of the fault characteristic

frequency identification and fault diagnosis results.
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Figure 12. Envelope spectrum of the motor current signal for BRB under different loads.
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Then, the amplitude values of the identified fault characteristic frequency using envelope analysis
are extracted as the fault detector for the BRB fault classification, as shown in Figure 11b. The
classification results presented in Figure 11b show that it can provide consistent trends for BRB fault
detection, but cannot distinguish the fault severities under low operating loads, especially for loads of
0% and 20%.

Furthermore, the instantaneous amplitude and frequency demodulation of the measured motor
current signals can be achieved using the TKEO method. The separation of the AM and FM components
from the modulation sideband for the classification of BRB faults is illustrated in Figure 13a,b,
respectively. It can be seen from Figure 13a that the classification results based on IA analysis using
TKEO is similar to that using envelope analysis as shown in Figure 11b, which obtains the similar
conclusion of the simulation study. They can provide a consistency trend for BRB fault diagnosis,
but cannot distinguish the fault severities very well for low load conditions. Through analyzing the
classification result presented in Figure 13b that is based on IF analysis using the TKEO method, the
BRB fault severities can be detected accurately and distinguished effectively, especially for the low
loads (0% and 20% loads). Moreover, it is obvious that the feature values of IA analysis using the TKEO
method are increased along with the increases of operating loads, as shown in Figure 13a. In contrast,
the feature values of IF analysis using TKEO are decreased along with the increase of operating loads.
This demonstrates that the AM is the main modulation component under high operating loads, while
the FM is the main modulation component under low operating loads.

(a) TKEO IA vs. Loads 10 (b) TKEO IF vs. Loads

13
0.12 . . . y T T

—— 1BRB
12 L ——2BRB [~

Amplitude(A)
Amplitude(A)

Operating Load (%) Operating Load (%)

Figure 13. Fault detector for BRB under different loads: (a) TKEO IA; (b) TKEO IF.
6. Conclusions

In this work, the TKEO method is proposed to demodulate the modulation components for
accurate BRB fault feature identification and the fault severities classification of IMs based on MCSA.
By applying the proposed method, the main supply component of the motor current signal is removed,
thereby reducing the adverse effect of its spectral leakage in the accurate fault feature extraction,
especially for the fault diagnosis when the IMs are operating under low load with low slip. Based on
the comparison analysis, the proposed method can provide more accurate spectrum with lower noise
and interference components for fault characteristic frequency identification than the envelope analysis.
Moreover, the AM and FM components from the modulation sidebands can be separated effectively
from the IA and IF demodulation using the TKEO method. The fault diagnostic and classification
results based on IA analysis obtained the same conclusion of the envelope analysis, and the fault
diagnostic and classification results based on IF analysis can distinguish the fault severities very well
for all the load conditions, thus improving the performance of fault diagnosis based on MCSA when
the IM is working at very low load. The proposed method has been validated in simulation and
experimental studies that tested the IMs with different BRB fault severities. Although the proposed
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method in this work detected the BRB faults of the IM operating at constant speeds, it can be extended
to diagnose the IM under transient operating conditions with other fault types.
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