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ABSTRACT In traditional motor current signature analysis (MCSA) approach, the spectral leakage of the
fundamental supply frequency can obscure the characteristic fault component under low-load or no-load
conditions. Furthermore, most time-frequency (TF) methods often have low resolution and are not qualified
to produce a narrow band in the output. In this paper, we employ multi-synchro-squeezing transform (MSST)
to show its effectiveness in fault detection of induction machines, for the first time. The key innovation of
this work is merging MSST (due to its high time-frequency resolution) with the third-order energy operator
(TOEO) (due to its high accuracy in fault detection). Specifically, TOEO is used to overcome the leakage
effects of the supply frequency, through a demodulation approach for asymmetric fault detection along
with MSST technique. The proposed method was evaluated for induction machine fault detection in both
steady-state and transient conditions. Both analytical and experimental results confirm that the proposed
method can excellently reveal the fault characteristic frequency in steady-state and transient mode, instead
of the sideband frequencies.

INDEX TERMS Fault diagnosis, condition monitoring, induction machine, fast Fourier transform, current
signature.

I. INTRODUCTION
Condition monitoring for industrial tools is crucial as it
enables proactivemaintenance, preventing unexpected break-
downs and minimizing downtime. By continuously assessing
the health and performance of equipment, organizations can
optimize operational efficiency, extend the lifespan of tools,
and ultimately reduce overall maintenance costs [1], [2].
Among these, induction machines (IMs) are crucially impor-
tant due to their use in various industrial applications [3], [4].
Due to inappropriate operational and environmental condi-
tions and unexpected events, many IMs have failed, leading
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approving it for publication was Sinisa Djurovic.

to heavy financial losses. Therefore, condition monitoring is
necessary and unavoidable [5]. In this regard, IMs face differ-
ent mechanical and electrical faults. In general, these failures
mainly cause asymmetry in the rotor circuit of machine [6].
If the mentioned faults and failures are not detected, the
machine will suffer frommany problems such as high thermal
stress, a winding fault, broken rotor bars (BRBs), misaligned
rotor, etc. [7], [8]. Consequently, timely and prompt detection
of faults occurred in the machine is essential to ensure IMs’
safety and operational efficiency.

Various diagnostic techniques were reported in the past to
ensure the optimal performance of the induction machines
and guarantee the safety of IMs such as motor current sig-
nature analysis (MCSA) [9], [10], vibration analysis [11],

41056

 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ VOLUME 12, 2024

https://orcid.org/0000-0003-2140-9721
https://orcid.org/0000-0002-6654-1366
https://orcid.org/0000-0002-2151-5180


R. Bazghandi et al.: Enhanced MSST for Fault Diagnosis in Induction Machine

[12], stray flux signals [12], [13], deep learning [14], and
acoustic emission analysis [15]. Among mentioned strate-
gies, the MCSA method has attracted more attentions due
to simplicity, non-invasive nature and cost-effectiveness.
Despite all the advantages of MCSA, the classical MCSA
is analysed by fast Fourier transform (FFT), which is still
prone to several limitations in various real-world engineer-
ing and industrial applications. For example, in large IMs
operating with very low slip or no-load conditions, the side-
band frequencies (fault characteristic frequency) show a very
low-energy component being too close to the fundamen-
tal frequency. This will significantly reduce the detection
accuracy. Furthermore, traditional methods for examining
time-frequency relationships, such as the short-time Fourier
transform (STFT) and wavelet transform (WT) [16], [17],
can convert a one-dimensional time series signal into a
two-dimensional time-frequency plane. Unfortunately, the
limitations of traditional time-frequency techniques signifi-
cantly hinder their practical effectiveness.

To overcome the disadvantages of conventional methods
and achieve a satisfactory time-frequency analysis, various
approaches such as the time-reassigned synchro-squeezing
wavelet transform (SSWT) [18], synchro-squeezing trans-
form (SST) [19], [20], demodulated SST (DSST) [21],
[22], high-order SST [23], [24] and Stockwell transform (S-
Transform) [25] have been presented, previously. Recently,
the multi-synchro-squeezing Transform technique (MSST)
[26] was proposed for time-frequency (TF) analysis with
high resolution capability of different time-varying signals
in different applications. MSST has shown a breakthrough in
time-frequency analysis by providing a high-contrast spec-
trum with distinguishable patterns. The significance of this
approach is in detecting low-energy and overlapped com-
ponents such as those occurring in faulty IMs. However,
frequency leakage is still a problem inMSSTwhich may gen-
erate blurry and inaccurate TF plane. The proposed method
in this paper resolves these issues.

The reassignment method (RM) has been designed to
improve the clarity of the initial time-frequency (TF) rep-
resentation [27]. The key step in RM involves computing
updated positions for each TF point using TF phase infor-
mation. Subsequently, two-dimensional reassignment oper-
ations, focusing on both frequency and time reassignment,
are utilised to consolidate the TF spectrogram along the TF
axis. One drawback of RM is its incapacity to reconstruct
the signal, a limitation inherent in the RM framework. SST
strategy is another recent technique to achieve ideal TF anal-
ysis. Unlike the RM method, the SST method increases the
TF resolution and enables signal reconstruction. Some recent
studies show that SST cannot produce appropriate TF results
when for time-varying signals [18], [22]. A higher-order SST
has been proposed by the authors to achieve more accurate
TF results while preserving the reversibility [28]. Regardless,
by increasing the SST order, the computational cost also
increases.

Third order energy operator (TOEO) is one of the energy
operators that can perform demodulation operations well with
low computational cost. Our idea is to use the MSST method
alongwith TOEO, enabling us to create a high-resolutionmap
in the output. Consequently, a high accuracy diagnosis can
be obtained with a low computational cost. The presented
method here reduces the spectral leakage and increases the
resolution in the time-frequency analysis output, simulta-
neously. We evaluate the proposed method for asymmetric
fault detection in a wound rotor induction machine (WRIM)
operating in both steady-state and transient modes. To the
best of the authors’ knowledge, it is the first time where
this combination is proposed for diagnosis of the asymmetric
faults.

Although the MSST technique has been already presented
for time-frequency analysis, no work is reported on the
mechanical fault diagnosis of the induction motor using this
method. To enhance the fault detection and separation, here,
theMSST technique is combined with the TOEO as a demod-
ulation method. The proposed method has been tested on
two WRIM and SCIM motor with asymmetric and BRB
faults. It has been found out that the combined MSST and
TOEO technique clearly show the condition of machine in
healthy and faulty conditions in the presence of faults. The
key contributions of this study are summarised as follows:

• We introduce an advanced approach through merging
MSST with TOEO to simultaneously take advantage of
‘‘high time-frequency resolution’’ and ‘‘high detection
accuracy in fault detection’’.

• Specifically, the incorporation of TOEO aids in over-
coming the leakage effects of the supply frequency
through a demodulation approach. To the best of our
knowledge, this study represents the first to propose a
modified MSST approach, combined with TOEO, for
asymmetric fault diagnosis of induction motors.

• A series of synthetic and real experiments have been
conducted to validate the performance of the proposed
approach.

The organisation of this paper is as follows: in Section II, the
fundamental theory of TOEO for current signature analysis
is introduced. Then, the application of TOEO for asymmetric
fault detection is described. In Section III, the theory ofMSST
strategy is described in detail. In Sections IV andV, analytical
and experimental results have been investigated, respectively.
In Section VI, a comparison between the proposed method
and other approaches is provided. Finally, the conclusion is
presented in Section VII.

II. THIRD-ORDER ENERGY OPERATOR OF CURRENT
SIGNATURE
This section discusses the introduction and mathemati-
cal definition of the higher order energy operators. After
introducing the TOEO, its application is developed for
the healthy and faulty stator current in IM. Higher order
differential energy operators for a continuous-time signal
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y(t) are defined as follows [29]:

Hi(y) = [y, y(i−1)] = y′y(i−1)
− yy(i),

i = 0,±1,±2,±3, . . . (1)

where y′(t) is the first-order derivative of the y(t), [.] is the Lee
bracket, x(i), indicating the derivative operation if i is positive
and integral if it is negative.

yi(t) =



d iy(t)/dt i i ≥ 1
y(t) i = 0
t∫

−∞

y(i+1)(τ )dτ i ≤ −1
(2)

where i is usually taken as a positive integer in most practical
applications. If i = 2 in (1), the same Teager-Kaiser Energy
Operator (TKEO) equation is obtained. However, consider-
ing i = 3, then H3[y(t)], the equation of the TOEO is
obtained, which is a speed energy operator. Energy operators
of higher orders, such as third or fourth-order operators,
have the ability to emphasise energy and impact components
more effectively. However, employing higher-order energy
operators significantly escalates computational complexity.
Consequently, taking all constraints into account, this paper
opts for the third-order energy operator (TOEO, i = 3). The
TOEO for a signal y(t) can be mathematically expressed as
follows:

H3(y) = y′(t)y′′(t) − y(t)y′′′(t) (3)

Due to having discrete signals in practical work, (3) cannot be
used to calculate TOEO. Therefore, (3) should be rewritten
in discrete form. Replacing the continuous signal y(t) with
the discrete signal y[n], sampled with the sampling sequence
n1t , leads to (5). We can now calculate the signal y(t) deriva-
tives with the backward difference operator:

y′(t) =
(y[n] − y[n− 1])

1t
(4)

H3 {y[n]} = y[n]y[n+ 1] − y[n− 1]y[n+ 2] (5)

where 1/1t is the sampling frequency. As seen in (5), only
two multiplications and one addition are required to cal-
culate the TOEO approach. This can noticeably reduce the
computational burden. Compared to other methods such as
normalized frequency domain energy operator (NFDEO) [30]
or sum of adjacent products SAP [31], the TOEO can more
effectively highlight the asymmetric fault index with some
simple calculations.

The stator current equation for a normal motor fed by a
sinusoidal power supply can be written as follows [30]:

iH (t) = Im cos(ωst) = Im cos(2π fst) (6)

where ωs is the angular frequency and is equal to 2π fs, fs
is the supply frequency (50/60Hz) and Im is the maximum
stator current. In induction motors with faults such as BRB
or internal short circuits in the rotor windings of WRIM,
periodic disturbances caused by the faults result in amplitude

and phasemodulation of the stator current at the characteristic
fault frequency (ff = 2sfs). When solely taking amplitude
modulation into account, the expression for the stator current
signature of a faulty motor is as follows:

iF (t) = iH (t)[1 + β cos(2π fF t)]

= Im cos(2π fst) +
Imβ
2

cos(2π(fs + fF )t)

+
Imβ
2

cos(2π(fs − fF )t) (7)

where β is the asymmetric fault modulation index and s is the
motor slip. Generally, β ≪ 1, therefore, the amplitudes of the
sidebands corresponding to the fault, fs ± ff , is much smaller
than the amplitude of supply frequency (fs). By merging (4)
and (7), we can obtain the stator current signal in faulty IM
as follows [32]:

iTOEO,F (t) = −
I2mβωF

2

(
4ω2

s + ω2
F

)
sin(ωF t)

− I2mβ
2ωsωF (ωs sin(2ωF t) + ωF sin(2ωst))

−
I2mβω

2
F

4
(ωF + 2ωs) sin ((ωF + 2ωs)t)

−
I2mβω

2
F

4
(ωF − 2ωs) sin ((ωF − 2ωs)t) (8)

The demodulated current signal from TOEO eliminates the
fundamental component. Therefore, the spectral leakage
because of the fundamental supply frequency will be elim-
inated. As can be seen, it is much easier to detect the fault
index in the TOEO current spectrum (iTOEO,F (t)) than in sta-
tor current spectrum (iF (t)). It should be noted that TOEO is
zero for a healthy IM. Consequently, the demodulated current
by TOEO for a faulty IM does not include the DC component.
Therefore, there is no necessity to eliminate the constant
term in (8). This distinction sets the TOEO method apart
from other established demodulation techniques like TKEO
and rectification [33], [34]. Figure 1 depicts the flowchart of
different steps of the proposed method in this study.

III. MULTI-SYNCHRO-SQUEEZING TRANSFORM
Recently, several time-frequency (TF) techniques have been
introduced, but many of these methods offer limited fre-
quency resolution and are unable to produce a narrow band
in their output response. Linear time-frequency approaches
entail computing the inner product of the signal and the basis
function, aiding in the detection of local, time-varying fea-
tures. In accordance with inner product theory, a basis func-
tion that aligns effectively with the non-stationary signal can
provide a more precise description of its concentrated energy
time-frequency characteristics [35]. Consequently, to handle
signals undergoing significant time-related changes, non-
linear TF methods have emerged. These methods achieve
this by demodulating the frequency-modulated (FM) compo-
nent [36].
In practical applications, non-parametric and non-

demodulated Synchrosqueezing Transform (SST) is often
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FIGURE 1. Flowchart of the proposed method.

very practical. A second-order SST, introduced in [37], has
been designed to offer a high-resolution time-frequency
(TF) representation while maintaining reversibility. In 2017,
a higher-order SST was proposed to achieve more focused
TF results [23]. However, higher SST orders also lead
to increased computational complexity. For instance, the
first-order SST (primary SST) requires only one STFT
operation, whereas the fourth-order SST necessitates eleven
STFT operations. Generally, the Modified Synchrosqueez-
ing Transform method offers an iterative approach with
lower computational complexity compared to high-order
SST, effectively enhancing energy concentration in dealing
with highly time-varying signals. To obtain the MSST output
response, the STFT operation is executed only once, which
causes a low computational cost in performing this method.
First, we show the time-varying single-component signal as
follows:

x(t) = A(t)ejφ(t) (9)

where A(t) is the maximum amplitude of the signal and φ(t)
shows the phase of the signal. Now, the STFT of the above
signal can be written as follows:

S(t, ω) =

+∞∫
−∞

w(u− t)x(u)e−jω(u−t)du (10)

where w(u) is the window function. x(t) is considered as
the pure and clean signal within a short period of time.
With this assumption and according to the Taylor expansion
equation (11) can be written as:

A(u) = A(t)

φ(u) = φ(t) + φ′(t)(u− t) (11)

The first order Taylor expansion is shown in (11) where φ′(t)
is derivative of φ(t). As a result, x(t) can be expressed as
follows.

x(u) = A(u)ej(φ(t)+φ
′(t)(u−t)) (12)

Finally, by means of STFT x(t) can be converted into the
following form by (10):

S(t, ω) =

+∞∫
−∞

w(u− t)A(t)ej(φ(t)+φ
′(t)(u−t))e−jω(u−t)du,

= A(u)ejφ(t)
+∞∫

−∞

w(u− t)ej(φ
′(t)(u−t))−jω(u−t)d(u− t),

= A(u)ejφ(t)⌢w(ω − φ′(t)), (13)

where ŵ is the Fourier transform of w and t and are time
and frequency, respectively. After calculating the derivative
of S(t, ω) with respect to time, we have:

∂tS(t, ω) = ∂t

(
A(u)ejφ(t)⌢w(ω − φ′(t))

)
= A(u)ejφ(t)⌢w(ω − φ′(t))jφ′(t)

= S(t, ω)jφ′(t) (14)

SST equation (Ts(t, ψ)) is described as follows [16]:

Ts(t, ψ) =

+∞∫
−∞

S(t, ω)δ(ψ −
⌢
ω(t, ω))dω (15)

Finally, the MSST equation can be obtained by iteration of
the SST method.

T [i]
s (t, ψ) =

+∞∫
−∞

T [i−1]
s (t, ω)S(t, ω)δ(ψ −

⌢
ω
[i−1]

(t, ω))dω

(16)

where i is the number of iterations. Finally, the corresponding
instantaneous frequency estimate obtained from MSST is
calculated as follows:

⌢
ω
[i]
(t, ψ) = φ′(t) +

(
φ′′(t)2

1 + φ′′(t)2

)i

(ψ − φ′(t)) (17)

With multiple iterations (17), a new frequency is estimated,
which is closer to the accurate instantaneous frequency
through redistributing sparse STFT coefficients [26].

IV. ANALYTICAL RESULTS
The TOEO method is first applied to the analytical sig-
nals to start the fault diagnosis, and the TOEO current is
obtained. When obtaining the fault current, by considering
the conditions of the analytical signal (transient and steady-
state mode), fast Fourier transform or MSST methods can be
implemented on the demodulated signal.

The presented technique has been investigated through
synthetic signal of stator current of IM in MATLAB soft-
ware environment. To describe the validity of the presented
approach here, the synthetic signal of stator current with
simplified combination of fault-related frequency and sup-
ply frequency introduced in (6) with the parameters given
in Table 1 is considered. The synthetic current signal has
been analysed in two modes: 1) steady-state and 2) transient
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TABLE 1. Specification of analytical signal.

mode. The parameters of the processed signal are specified in
Table 1. The slip in the steady state is assumed to be 0.02, and
small slip changes have been applied in transientmode, which
is initially 0.02 and finally reaches 0.03. The slip changes are
applied to the synthetic signal in the sixth second in transient
condition. In order to have a high resolution in synthetic
signal, a sampling frequency of 10 kHz is considered.

A. STEADY-STATE CONDITION
Fig. 2a illustrates the synthetic signal with a sampling fre-
quency of 10 kHz and a duration of 12 seconds used for
verifying the presented method. The rotor asymmetry fault
is simulated as sideband frequencies around the fundamental
frequency. In the Fourier transform of the main signal, the
fundamental frequency has the highest amplitude (50Hz), and
the severity of the side frequencies is lower than the main
component (Fig. 2b). The demodulated signal by the TOEO
technique can be observed well in Fig. 2c. As mentioned, the
slip equals 0.02, and the FFT of the TOEO signal shows the
fault characteristic frequency (Fig. 2d).

B. TRANSIENT CONDITION
In this part, the presented method in transient mode is
validated. The synthetic signal introduced in (7) has been
analysed in this section. In order to simulate the arbitrary
variation in the synthetic signal, the slip has two different
values. In this regard, the synthetic signal is divided into two
parts from 0 to 6 seconds and 6 to 12 seconds. In the first step,
the slip equals 0.02, and finally the slip reaches 0.03.

In our study, the MSST technique is adapted for fault
detection under the transient mode, which is illustrated in
Fig. 3b and d. As can be seen from Fig. 3b and d, the MSST
approach has a very high resolution and creates a narrow
band in its output response. In the MSST of the analytical
signal, the fundamental frequency component has the highest
severity, and asymmetric fault is undetected in this signal.
After demodulating the analytical signal and obtaining the
TOEO signal, MSST can be used to detect the asymmetric
fault in the transient mode.

V. EXPERIMENTAL RESULTS
In this section, we initially detail the process of acquiring
stator current data from the Wound Rotor Induction Motor as
part of evaluating the effectiveness of the proposed method.
Subsequently, the stator current signals obtained from the

FIGURE 2. Steady-state conditions with synthetic signals (sampling
frequency of 10 kHz for at s = 0.02): stator current waveform under fault
conditions during spectral analysis of the proposed method in a) time
and b) frequency domains. The demodulated signal (TOEO) corresponding
to the asymmetry fault in c) time and d) frequency domains.

FIGURE 3. a) Synthetic signal of stator current in transient conditions
with presence of an asymmetry fault. b) MSST analysis for the stator
current signature in transient mode. c) Demodulated signal corresponding
to the asymmetry fault. d) MSST analysis for the TOEO signal.

experimental platform are employed to assess the proposed
strategy for detecting asymmetric faults in both steady-state
and transient conditions. Ultimately, the performance and
effectiveness of the TOEO strategy are evaluated in conjunc-
tion with the MSST technique.

A. TEST-RIG DESCRIPTION
We applied our method to a Wound Rotor Induction Machine
to assess its effectiveness. In this test, there are two types of
faults for two different machines. First, the asymmetric fault
(high resistance connection) for the wound rotor machine and
second the BRB fault for the SCIM was tested. Since these
two faults have specific fault index (2sfs) in the current sig-
nature of machine, both machines are considered in this paper
to show the variation of fault in different fault severity in
the presence of rotor asymmetric fault. These tests were con-
ducted under both steady-state and transient conditions. The
transient conditions were further categorised into two states:
acceleration and deceleration. In Squirrel Cage Induction
Machines (SCIM), Broken Rotor Bars (BRBs) result in an
asymmetric fault in the machine’s rotor circuit. Conversely,
in WRIM, the asymmetric fault arises when the rotor coils
experience a short circuit over a period of time. However,
tomodel an asymmetric fault inWRIM, an external resistance
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FIGURE 4. Test-rig system description of WRIM and SCIM used for
asymmetric fault detection -b) Two BRBs -d) Three BRBs.

to one of the rotor winding phases is applied and then the
stator current data of single phase is collected through current
sensors (Fig.2a). In this experiment, a Hall Effect Current
Sensor (S25P100D15X), as depicted in Fig.2b, was employed
to measure the current. The experimental results are col-
lected through test-rig presented in Fig.2a. The tests have
been performed for SCIM with BRBs (Fig.2c and Fig.2d)
and WRIM with external resistance in the circuit of rotor
windings.

The signals extracted in steady-state condition have a
sampling frequency of 2kHz and have a length of 25k. For
the transient mode, the sampling frequency has increased to
2.5kHz, and the signal length has risen to 32k. The speed
of the machine is constant and equal to 1470 RPM for
steady-state condition. In transient condition, the motor speed
changes from 1400 to 1450 RPM, and 1450 to 1400 RPM for
acceleration and deceleration condition, respectively.

Fig. 4 shows the test-rig used for fault detection test in
this paper. As can be observed, current sensors and mea-
suring device are used to record and collect data, external
resistance is used to model asymmetric fault in WRIM. The
external resistance applied to create for an asymmetric fault
is 0.14p.u, which is equal to the severity of the asymmet-
ric fault. Since the external resistance in the rotor winding
varies extensively, in this paper the rotor asymmetry is mod-
elled as external resistance in the rotor winding of WRIM.
A digital brake system has been used to control the speed or
torque of WRIM. More parameters of WRIM are presented
in Table 2.

TABLE 2. Specification of WRIM.

B. STEADY-STATE CONDITION
First, we will examine the results of a healthy type of motor
that works at a speed of 1500 RPM. In this case, the IM
works without any faults. As can be observed, there is no
fault characteristic frequency in the Fourier transform (Fig. 5b
and c).

The stator current signal has been shown in the steady-state
mode for 12 seconds (Fig. 6a). The slip for this test is consid-
ered to be approximately 0.04. The fundamental frequency
is dominant in the main signal of the stator current, and
fault detection is challenged due to significant leakage effects
(Fig. 6b). After implementing the proposed method on the
stator current signal, the stator current signal is demodulated,
and the TOEO signal is obtained (Fig. 6c). Finally, by using
FFT, the fault characteristic frequency can be observed well
in steady-state condition, (Fig. 6d).

The proposed method has also been tested onWRIM under
light load conditions (Fig. 7). In this case, the rotational speed
is 1460 rpm. As depicted in Fig. 7, by the proposed technique,
the asymmetric fault has been also detected under low load
conditions.

Such as asymmetry fault with adding external resistor is
not a common fault condition in IMs, the proposed method
has been tested on SCIM under BRB conditions. The rotor
speed equal to 1430 RPM for 2BRBs.

Another test has been carried out for 3BRBs with
1410 RPM. According to Fig.8 and Fig.9, it can be observed
that the presented method is able to detect asymmetric fault
in any type of IM.

The Quantitative analysis of fault index in the presence
of rotor asymmetric fault for SCIM and WRIM in full load
condition is given in Table 3.

C. TRANSIENT CONDITION
Here, we validate the effectiveness of the proposed approach
in transient conditions on a WRIM. In this paper, the start-
ing mode of the motor is not used to perform the test
in transient mode. The starting mode causes a significant
slip in the machine and makes the fault detection operation
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FIGURE 5. Steady state mode: healthy stator current signature of WRIM
in a) time and b) frequency domains. Corresponding TOEO
representations in c) time and d) frequency domains.

FIGURE 6. Steady-state mode: a) stator current signature of fault on
WRIM with asymmetric fault in a) time and b) frequency domains. The
corresponding TOEO signal in c) time and d) frequency domains.

FIGURE 7. Steady-state mode of faulty WRIM under light load. a) Stator
current signal in a) time and b) frequency domains. The corresponding
TOEO signals in c) time and d) frequency domains.

straightforward in inverter-fed IMs. In small IMs the duration
of transient condition is short (less than 400 ms). Therefore,
high sampling frequency need to be used to collect the data.
The proposed method has been tested during motor operation
and small rotational speed changes to have a different chal-
lenge in transient mode.

The motor speed variations in two different modes, i.e.,
acceleration and deceleration are provided in Fig. 10a and
Fig. 10b, respectively. The stator current signals were also

FIGURE 8. Steady-state mode of faulty SCIM with 2 BRBs. Stator current
signal in a) time and b) frequency domains. The corresponding TOEO
signals in c) time and d) frequency domains.

FIGURE 9. Steady-state mode of faulty SCIM with 3 BRBs. Stator current
signal in a) time and b) frequency domains. The corresponding TOEO
signals in a) time and b) frequency domains.

TABLE 3. Quantitative analysis of fault index in the presence of rotor
asymmetric fault for SCIM and WRIM in full load condition.

extracted in these two modes for 12 seconds and with a
sampling frequency of 2.5 kHz (Fig. 10c and Fig. 10d).

Directly performing TF methods in the transient mode
would fail the fault detection due to the leakage effects.
Therefore, a necessary step involves the demodulation of
the current signal. This demodulation process, as illustrated
in Fig. 10e and Fig. 10f, plays a pivotal role in detecting
asymmetric faults with high precision. Once the (TOEO)
signal is obtained for each transient condition, the subsequent
utilization of the MSST approach becomes instrumental in
observing frequency variations over time, as depicted in
Fig. 11. As previously mentioned, when applying MSST
directly to the main signal, the fault characteristic frequency
lacks clear traceability, as evidenced in Fig. 10a and Fig. 11b.
However, a transformative outcome is achieved by demodu-
lating the current signal using the proposedmethod, where the
fault characteristic frequency becomes distinctly identifiable,
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FIGURE 10. Transient mode on a WRIM: velocity variations in a) positive
acceleration and b) deceleration modes. The stator current signal with
asymmetric fault in c) acceleration and d) deceleration modes.
Illustration of corresponding TOEO signal for e) acceleration and f)
deceleration modes in time domain.

FIGURE 11. Transient mode on a WRIM: MSST of current signature in a)
acceleration and b) deceleration conditions. Proposed MSST for TOEO
signal under c) deceleration and d) acceleration conditions.

as exemplified in Fig. 11c and Fig. 11d. This methodological
refinement enhances the accuracy and effectiveness of fault
detection in transient conditions.

VI. COMPARISON WITH PREVIOUS METHOD
Within this section, we undertake a comparison between the
proposed method and alternative time-frequency techniques
such as the Stockwell transform (S-Transform), STFT and
continuous wavelet transform (CWT), to affirm the efficacy
of MSST. The comparison between Fig.11 and Fig.12 reveals
that the proposed method outperforms other methods by
generating a very narrow band with a high-resolution output
response. Unlike STFT and other methods in Fig. 12, MSST
is capable of detecting fault indices with a superior level of
precision. Fig. 12 shows that CWTperforms better than STFT
and S-Transform, but still generates a very thick band not as
accurate as our proposed method in Fig. 11.

To better understand the effectiveness of the proposed
method in the transient conditions, we have compared the
detection results in four SST levels. As can be observed in

FIGURE 12. Transient mode on WRIM: comparative results with different
frequency-based techniques. STFT on the TOEO signal in a) acceleration
and b) deceleration modes. S-Transform of TOEO signal in c) deceleration
and d) acceleration modes. CWT approach on TOEO signal in e)
deceleration and f) acceleration modes.

FIGURE 13. Transient mode on a WRIM: a) first order SST on TOEO signal
in acceleration mode. b) Second order SST on TOEO signal in acceleration
mode. c) Third order SST on TOEO signal in acceleration mode. d) Fourth
order SST on TOEO signal in acceleration mode.

Fig.13, by increasing the order of SST the resolution of the
output is improved. On the other hand, increasing the order
of SST leads to an increase in the computational cost, so that
we need 11 STFT to calculate fourth-order SST, while only
one STFT is enough to calculate MSST.

The final comparison is devoted to assessing the demod-
ulation quality. This comparison has been made between the
proposed method and the EMD method. After implementing
the EMD method, 10 IMFs are obtained, and the fifth IMF
is used for fault detection. This IMF is the best IMF for fault
detection compared to other IMFs. As it can be seen, fault
detection by EMD method is not as good as the presented
technique (Figure 14).

Considering the iterative nature of theMSSTmethod, stop-
ping the algorithm’s repetition presents a challenge which
should be explored in the future. This could be done through
adopting suitable criteria for termination of the algorithm.
Also, further research is required to explore higher-order
MSST to achieve enhanced resolution in the time-frequency
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FIGURE 14. Empirical mode decomposition results for experimental data.
a) 5th IMF obtained from EMD technique. b) FFT of 5th IMF.

plane output. Furthermore, there is a need to investigate a
demodulation method characterized by low computational
requirements and high separation power. In TOEO, the
adverse effects of estimating higher-order derivatives of a
discrete-time signal have not been explored in this work
which could be examined in the future. It is crucial to inves-
tigate ways to effectively reduce high-frequency noise in
derivative estimation to enable accurate induction motor fault
detection.

VII. CONCLUSION
This research introduces a new approach to isolating the
characteristic frequency of asymmetric fault by a stator cur-
rent phase in two stable and transient states. The TOEO
strategy is proposed to demodulate the stator current signal.
The presented method can significantly reduce the adverse
effects of the spectral leakage of the fundamental frequency
component. The presented method can effectively isolate and
demodulate the stator current signal. In addition, the MSST
technique is also presented for detection in the transient
conditions. As a result, the presented method with lowmathe-
matical equations and high demodulation power can speed up
the asymmetric fault detection process in IMs. As the future
work, we plan to investigate how classification of various
faults of the induction machines can be designed and applied
to the output of our proposed method in this paper.
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